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especies  tolerantes  a  temperaturas más  altas  (Fernández,  2016) o  la disminución de 
biomasa y abundancia de determinadas comunidades bentónicas (Piñeiro‐Corbeira et 
al., 2016; Borja et al., 2018).  
Por  lo  tanto,  resulta  crucial  llevara  cabo  un  análisis  del  riesgo  asociado  al  cambio 
climático  en  estas  zonas  donde  conviven  tantos  elementos  sociales,  económicos  y 
ambientales. Entre las metodologías de análisis de riesgos existentes, la propuesta por 
el IPCC (IPCC, 2014) es una de las más utilizadas, aunque su aplicación para el estudio de 




















El  riesgo  se  deriva  de  la  interacción  de  las  amenazas,  la  exposición  y  la 
vulnerabilidad en el medio natural. 






La  adquisición  de  información  ambiental,  ligada  a  la  fisiología  de  la  especie,  a  la 
resolución  apropiada  es  un  paso  crucial  en  el modelado  de  especies.  Esta  ha  de  ser 
obtenida de  las mejores  fuentes disponibles, que    incluyen observaciones directas, a 







salinidad,  nutrientes,  clorofila,  hielo,  velocidad  de  las  corrientes,  fitoplancton, 
producción primaria, hierro y luz. Sin embargo, a pesar de los importantes avances que 





Una  de  las  limitaciones  para  trabajar  en  grandes  áreas  es  la  falta  de  información 
biológica  obtenida  de  forma  homogénea  y  con  una  resolución  espacial  y  temporal 
adecuada.  Al  igual  que  en  el  caso  de  las  amenazas,  existen  diferentes  tipologías  de 







se  han  generado  bases  de  datos  que  permiten  recopilar  información  de  diferentes 
fuentes,  como  Global  Biodiversity  Information  (GBIF,  2013)  o  Ocean  Biogeographic 
Information  Systems  (OBIS,  2015).  A  pesar  del  importante  avance  que  suponen,  su 
cobertura espacial y temporal es limitada.  
A pesar de los avances realizados en la aplicación de los SDM, para obtener resultados 






predictores  relevantes  para  la  distribución  de  las  especies  objeto  de  estudio  están 
incluidos (Guisan et al., 2017); que las observaciones biológicas son representativas de 
su distribución biogeográfica; que la especie está en equilibrio con el medio en el espacio 

















especies,  con  el  objetivo  de  permitir  el  estudio  de  la  variabilidad  de  las 








































fueron  descartadas.  Se  han  incluido  variables  generales  de  aspectos  meteo‐
oceanográficos como temperatura (Fralick et al., 1990; Valle et al., 2014), luz (Best et 
al., 2001; Larkum et al., 2006; Riis et al., 2012), salinidad (Touchette, 2007; Nejrup & 






































cantidad  de  GCMs  desarrollados  por  diferentes  instituciones,  se  llevó  a  cabo  una 
evaluación para determinar  los más adecuados para  la zona de estudio. Se calculó el 
MSE entre la serie de datos histórica disponible y el periodo coincidente de los GCMs 





















































































































































En el caso de  la variable de preparación propia,  la tensión tangencial en el  fondo, su 
cálculo se basó en la información horaria disponible en GOW (Perez et al., 2017) y GOST 
(Cid et al., 2014), aplicando la formulación de Soulsby (Soulsby, 1997). La rugosidad en 
el  fondo  se  derivó del  tipo de  sustrato,  clasificada  en  cinco  tipologías  (fango,  arena, 
grava, mixto y roca), de acuerdo con Soulsby (1983). 
Todos  los  análisis  se  llevaron  a  cabo  con Climate Data Operators  (CDO 1.7), NetCDF 
Operators (NCO 4.4.5), Matlab 8.1 y ArcGis 10.1. 
OCLE permite el acceso a información homogénea y rigurosa de 16 variables relevantes 
en  la  distribución  de  especies  y  12  parámetros  derivados,  tanto  para  el  estudio  del 
periodo histórico como en escenarios de cambio climático.  




la  Estrategia  Marina.  La  descarga  se  produce  en  formato  .csv,  lo  que  permite  su 












Estudiar  un  gran  número  de  especies  exige  un  esfuerzo  que  se  puede  economizar 
mediante el uso de  técnicas de clasificación como SOM (Kohonen, 1998). Aunque su 






Las  variables  ambientales  fueron  seleccionadas  de  acuerdo  con  su  relación  con  la 
ecología de las algas (Martínez et al., 2012b; Young et al., 2015; Cefalì et al., 2016a). La 
información se recolectó para el periodo 1985‐2015 de la base de datos OCLE (de la Hoz 




Finalmente  se  consideraron  32  predictores,  a  los  que  se  añadieron  las  diferentes 











Por  lo  tanto,  se  seleccionaron 21 especies de macroalgas,  tanto  intermareales  como 
submareales,  de  las  diferentes  regiones  biogeográficas  de  Europa,  incluyendo  tanto 
especies nativas como la invasora Sargassum muticum. De cada una de estas especies, 
se  extrajo  la  información  relativa  a  las  presencias  para  el  mismo  periodo  que  la 
información  ambiental,  es  decir,  de  1985  a  2015.  Todas  las  observaciones  fueron 
comprobadas para eliminar errores de referenciación y, para evitar sobreajustes, solo 
una presencia se utilizó para cada punto de la malla (Peterson et al., 2011). 










Las  especies  incluidas  en  el  Grupo  1  se  caracterizan  por  vivir  en  aguas  frías  y  zonas 
expuestas (Norton, 1977; Sjotun & Fredriksen, 1995; Fernandez, 2011; Takolander et al., 
2017), por  lo que son más  frecuentes en  las zonas en  las que el número de días por 
encima del umbral de SST es más bajo y sin embargo para Tm los valores son mayores. 
El Grupo 2 incluye especies que se sitúan desde el intermareal medio hasta el submareal 






El patrón que presenta Sargassum muticum  es  claramente diferente al de  las demás 
especies, lo que justifica su aislamiento en el Grupo 3. Esto puede ser consecuencia de 
su  carácter  invasor  en  Europa  (Stæhr  et  al.,  2000;  Sánchez et  al.,  2005),  por  lo  que 

























Comprender  la distribución espacial  de  las  especies marinas  resulta  esencial  para  su 
conservación y gestión. Para ello el uso de los SDM es una herramienta muy útil y en 
auge en  los últimos años que ha  llevado al desarrollo de numerosos algoritmos. Esto 
conlleva  una  alta  incertidumbre  asociada  a  su  elección,  dado  que  cada  algoritmo 
presenta una serie de fortalezas y debilidades asociadas (cf. Franklin, 2009; Peterson et 
al., 2011; Guisan et al., 2017). Es evidente que su elección es muy dependiente del tipo 
de  pregunta  que  se  pretende  resolver,  pero,  así  como  en  el medio  terrestre  se  han 
desarrollado  trabajos  para  tratar  de  guiar  esta  selección  (Segurado  &  Araujo,  2004; 
Aguirre‐Gutiérrez et  al.,  2013;  Raina &  Rao,  2014;  Beaumont et  al.,  2016),  el medio 





Otro  aspecto  importante  en  los  estudios  de  cambio  climático  es  la  capacidad  de 
transferencia de los resultados a escenarios futuros, aspecto que resulta crucial en el 
modelado de distribución de especies y que por lo tanto debe ser evaluado. 





















































  GRUPO 1  GRUPO 2  GRUPO 3  GRUPO 4  GRUPO 5 


























































































































































Se  aplicaron  diferentes  métricas  para  evaluar  tanto  la  capacidad  predictiva  de  los 
modelos, como su transferencia y los pesos de cada algoritmo. Para todos los grupos los 





  GRUPO 1  GRUPO 2  GRUPO 3  GRUPO 4  GRUPO 5 
AUC  0.87±0.25  0.92±0.07  0.92±0.01  0.97±0.07  0.91±0.01 


















5  RF  85.72 MAXENT  14.29







TRANSFERENCIA  GRUPO 1  GRUPO 2  GRUPO 3  GRUPO 4  GRUPO 5 
Forward  1  0.88  0.86  0.98  0.84 
Backward  0.98  0.92  0.96  0.92  0.86 
Total  0.97  0.87  0.83  0.90  0.83 
De acuerdo con  las métricas de evaluación consideradas y  la  inspección visual de  los 








como ya habían  señalado otros autores  (Randin et al.,  2006). A pesar de  los buenos 
resultados obtenidos en la evaluación de la transferencia, es necesario tener en cuenta 
que la extrapolación a condiciones ambientales nuevas implica una alta incertidumbre 
(Sequeira  et  al.,  2018),  por  lo  que  es  necesario  evaluar  la  similaridad  entre  los  dos 
medios.  
En  lo  que  a  las  relaciones  entre  las  especies  y  su  medio  se  refiere,  los  resultados 
sustentan la relevancia de las variables hidrodinámicas en la distribución de las algas, 
como se ha  señalado por otros autores  (Ramos et al.,  2014; de  la Hoz et al.,  2018a; 
Jonsson et al., 2018). Además, ha quedado patente el importante rol de las condiciones 





algas  consideradas;  sin  embargo,  se  considera  que  se  puede  aplicar  a  otras  zonas 
geográficas o con otras especies de manera igualmente efectiva y eficiente. Además, los 
pesos definidos para el promedio de los algoritmos permiten acotar  la  incertidumbre 








En  este  capítulo  se  utilizaron  SDM  para  evaluar  los  efectos  del  cambio  climático  en 
Europa sobre las cinco especies definidas como representativas en el Capítulo III. Para 















criterios que en  los Capítulos  III  y  IV:  coeficiente de Pearson < 0.7 y VIF < 10,  con el 







que  los  datos  biológicos  solo  disponían  de  presencias,  se  aplicaron  también  índices 
basados en ellas, el índice de Boyce, el CCR y la sensibilidad. De forma complementaria 
se  evaluó  la  superposición  de  nichos  con  la  D  de  Schoener  (Schoener,  1989)  y  la  I 
modificada  de  Hellinger  (Warren  et  al.,  2008),  con  el  paquete  de  R  ecospat 
(Broennimann et al., 2016). Por otro lado, la similaridad geográfica se evaluó mediante 
el  IQR (Acuna & Rodriguez, 2004) para detectar aquellas áreas donde el medio no es 
análogo,  y  por  lo  tanto  las  proyecciones  han  de  interpretarse  con  cautela.  Se 
consideraron  outliers  las  zonas  con  valores  inferiores  a  Q1‐1.5(IQR)  y  mayores  de 
Q3+1.5(IQR). Para cada una de las especies consideradas se obtuvo la contribución de 
cada predictor promediando los resultados de los algoritmos considerados, de acuerdo 
con  sus  pesos.  Finalmente,  los  modelos  finales  de  cada  especie  se  aplicaron  por 
separado para cada predictor para obtener sus umbrales fisiológicos.  
Como resultado más importante, cabe destacar que la bondad de los modelos finales y 













  S. polyschides  G. spinosum  S. muticum P. canaliculata  C. baccata 
AUC  0.93  0.98  0.99  0.97  0.98 
TSS  0.84  0.93  0.93  0.86  0.94 
ÍNDICE BOYCE  0.99  0.94  0.99  0.99  0.91 
CCR  0.43  0.35  0.11  0.74  0.31 
SENSIBILIDAD  73.30  61.67  100  11.44  69.23 





  RCP 45m  RCP 45l  RCP 85m  RCP 85l 
Schoener's D  0.45  0.40  0.39  0.29 





disminución  predicha  para  S.  polyschides  y G.  spinosum  en  su  área  de  distribución 
(Figura 8 y Figura 9). En el caso de la invasora S. muticum, se observa una disminución 
importante de su probabilidad, prácticamente desapareciendo en la Península Ibérica; 










































































Los  resultados  obtenidos  respaldan  los  modelos  generados,  dados  los  valores  de 
rigurosidad  de  las  métricas  utilizadas  para  las  especies  consideradas.  Una  de  las 
contribuciones  más  destacables  de  este  trabajo  es  el  uso  combinado  de  un  amplio 























(Burrows et al.,  2018).  Sin  embargo,  el modelo no ha  identificado  las presencias del 
norte y oeste de la Península Ibérica señaladas por otros autores (Fernandez, 2011; Assis 
et  al.,  2013).  Esto  puede  deberse  a  la  escasez  de  datos  en  esta  área  durante  el 
entrenamiento, por  lo que  se podría haber excluido del modelo alguna  combinación 












poblaciones  presentaban  generaciones  más  cortas  y  una  fracción  menor  era 
reproductiva (Fernandez, 2011).  
Aunque  la  relación  de  G.  spinosum  con  la  SST  ya  ha  sido  estudiada  (Rueness  & 
Fredriksen, 1989), su variabilidad no se suele considerar a pesar de su importancia, como 
ha quedado patente en este trabajo. Además, los resultados mostraron la relevancia de 
los  valores  extremos,  como  el  parámetro  del  número  de  días  que  se  sobrepasa  el 
percentil  90 del periodo histórico,  cuyos  valores altos disminuyen  la probabilidad de 
ocurrencia de G. spinosum, de acuerdo con las curvas de respuesta. Este efecto letal de 
la SST ha sido ya referenciado (Fralick et al., 1990), aunque su valor acumulativo no se 
había  evaluado  hasta  ahora.  La  luz  constituye  un  factor  muy  importante  para  G. 
spinosum (Fralick et al., 1990; Rico, 1992), especialmente su rango en invierno y verano. 
Su distribución histórica  presentaba mayores  probabilidades  en  las  comunidades del 
norte (Irlanda y oeste de Gran Bretaña) que en las del sur (Bretaña y Península Ibérica). 















este equilibrio existe y que el modelo está entrenado con datos de  la  zona  invadida 
exclusivamente, los resultados en este caso se deben interpretar con cautela. Con esto 
en mente,  los  resultados  reflejan  el  conocimiento  actual  sobre  la  distribución  de  S. 
muticum,  lo  que  sugiere  que  el  modelo  funciona  adecuadamente.  La  distribución 
histórica  ha  detectado  todas  las  zonas  invadidas  de  Europa,  excepto  la  costa 
mediterránea de Francia (Critchley et al., 1990). El motivo podría ser que no se dispuso 
de puntos en el Mediterráneo para entrenar el modelo, lo que puede haber provocado 




















parámetros  seleccionados  en  el  modelo  de  C.  baccata  están  ligados  a  condiciones 
extremas, lo que pone de relieve su importancia. Las curvas de respuesta de Urms, Tm 
y  Hs  apoyan  su  preferencia  por  zonas  protegidas,  a  pesar  de  ser  capaz  de  tolerar 
condiciones de semi‐exposición (Díez et al., 2012; Méndez‐Sandín & Fernández, 2016). 
El modelo captura la distribución sur de la especie en el Atlántico (García‐Fernández & 
Bárbara,  2016),  cuyos  límites  se  expanden  en  el  RCP  8.5.  Estos  resultados  parecen 
continuar  la  tendencia  de  extensión  del  periodo  de  crecimiento  y  el  aumento  de 




En general  se puede considerar que  los  resultados obtenidos son coherentes con  los 
estudios predictivos existentes. La tendencia principal es la desaparición de los límites 










Por  un  lado,  la  falta  o  escasez  de  observaciones  de  las  especies  en  algunas  áreas, 






el contexto de cambio climático  los cambios en  la distribución de  las especies son el 















investigadores  en  la  web  OCLE.  Para  ello  se  ha  homogeneizado  espacial  y 
temporalmente  información  procedente  de  satélite,  datos  in  situ  y  reanálisis  de  16 








necesario  establecer  una  metodología  para  guiar  la  selección  de  algoritmos  de 
modelado  y  sus  pesos  para  asegurar  la  transferencia  temporal  de  los  resultados 
(objetivo específico 3).  
Utilizando  los datos de entrada de  los objetivos específicos 1 y 2,  la metodología del 







patente  la  importancia de  considerar predictores hidrodinámicos en el modelado de 


















 OCLE  contribuye  al  conocimiento  existente  con  la  inclusión  de  variables 
hidrodinámicas  relevantes  para  la  distribución  de  especies  marinas,  como  la 
altura de ola significante o la tensión tangencial en el fondo. 







 El  procedimiento  basado  en  la  técnica  SOM  facilita  la  selección  objetiva  de 
especies representativas en función de sus requerimientos ambientales, aspecto 
que permite la optimización y desarrollo de estudios predictivos a gran escala. 





se  registran,  con mayor  probabilidad,  las  condiciones  de mayor  habitabilidad 










 La  transferencia  temporal de  todas  las especies es buena, de acuerdo con  las 
métricas de evaluación utilizadas. 
 Las variables hidrodinámicas (altura de ola significante, tensión tangencial en el 
fondo, corrientes, etc.)  son  relevantes en  la distribución de especies desde el 
intermareal medio hasta el submareal. 
 Los predictores relacionados con las condiciones extremas (máximos, días que 
se  sobrepasa  un  determinado  umbral)  resultaron  decisivos  para  todas  las 
especies consideradas. 




 Los  resultados  son  robustos  y  satisfactorios  para  ser  aplicados  de  forma 
generalizada en estudios marinos con diferentes objetivos y áreas geográficas, 
permitiendo  la  comparación  entre  predicciones  y  promoviendo  el  uso  de 
modelos transferibles, especialmente en trabajos de cambio climático. 
Efectos del cambio climático en la distribución de las algas en Europa 
 Los  modelos  desarrollados  han  demostrado  una  buena  bondad  de  ajuste  y 
capacidad de discriminación. 
 Aunque se requiere un mayor desarrollo, los resultados de esta tesis identifican 
las áreas y especies en  riesgo de entre  las  cinco consideradas,  con diferentes 
requerimientos ecológicos  (desde  la zona alta del  intermareal al  submareal) y 
patrones de distribución (nativas e invasoras), por lo que se podrían utilizar como 
representantes de otras con requerimientos similares. 
 Las  especies  más  amenazadas  serían  Sacchoriza  polyschides  y  Gelidium 
spinosum,  mientras  que  Sargassum  muticum  y  Cystoseira  baccata  podrían 
expandir  su  rango  de  distribución.  Pelvetia  canaliculata  podría  disminuir  su 











































First,  an ecologically‐driven database of  present  and  future drivers  for marine  life  in 
Europe,  the Open access database on Climate change effects on Littoral and oceanic 
Ecosystems  (OCLE),  was  developed  to  fill  the  existing  gaps,  such  as  the  absence  of 
hydrodynamic  variables,  the  lack  of  homogeneity  in  time  intervals,  the  ecological 




waters). Data were gathered  for homogeneous and  long  time series  (1985‐2015 and 
2015‐2099)  for  16  variables  (sea  surface  temperature,  significant  wave  height, 
bathymetry,  light attenuation coefficient, substrate, nitrate,  salinity, air  temperature, 
pH, wind speed,  tidal  range, sea  level,  radiation, bottom shear stress, bottom orbital 
speed and currents). A quality control was applied to ensure the accuracy of data and 
the selection of the best general circulation models for two climate change scenarios 
(RCP  4.5  and  RCP  8.5).  For  each  variable,  10  statistical  parameters  were  calculated 
(maximum, minimum, mean, standard deviation, range and percentiles 10, 25, 50, 75 
and  90).  Additionally,  OCLE  provides  supplementary  indicators  relevant  to  marine 
ecosystems, such as persistence of air and sea surface temperature or the bottom shear 





OCLE  complements  existing  databases  in  the  marine  area  by  providing  met‐ocean 












own published  data  and  collection  of  an  important  amount  of  valuable  unpublished 
data.  At  present,  macroalgae  data  is  available  along  north  and  northwest  Iberian 
Peninsula  in OCLE website  (http://ocle.ihcantabria.com). Then, species were grouped 











wise methodology  to  select  the most  transferable  algorithms  in  time  in  the marine 
environment was developed:  
1) Collection of predictors related to the five representative seaweeds ecology and 






receiver operating  characteristic  curve and  true  skill  statistics metric  for both 
models’ accuracy and temporal transferability capabilities. All values were over 
0.8 for all groups. In turn, the geographical pattern of all models showed to be 
ecologically  coherent.  The  algorithms  and  their  weights  that  better  fit  to 
generate transferable models in time in the marine environment were retained 
for each species.  
The  objective  framework  developed  demonstrates  a  high  predictive  power  and 
ecological  realism  to  generate  temporally  transferable  models  in  the  marine 
environment. Results were satisfactory and robust for being broadly applied in marine 













exposed methodology, algorithms  for each  species were applied  to generate models 
that were assessed by  comparison of probabilities  and observations  (area under  the 
curve,  true  skill  statistics,  Boyce  index,  sensitivity,  correct  classification  rate),  niches 
overlap  (Schoener’s D, Hellinger’s  I),  geographical  similarity  (interquartile  range)  and 
ecological realism. 
Models  built  demonstrated  a  very  good  goodness‐of‐fit  and  discrimination 
performance, therefore it can be inferred that the most endangered species would be 
Sacchoriza  polyschides  and Gelidium  spinosum,  meanwhile  Sargassum muticum  and 
Cystoseira  baccata  would  be  predicted  to  expand  their  range.  Pelvetia  canaliculata 
might decrease its probability of occurrence but it would be able to cope with changes. 
According to the general objective of this thesis, results should be considered as a first 
step  in  the assessment of  the magnitude of modelled  range  changes  in  seaweeds  in 
Europe  with  different  ecological  requirements  (from  upper  littoral  to  subtidal)  and 
distributional patterns (native and invasive). The novelty of this work is the supply to 






















































and  then  back  again  through  decomposition  and  detrital  pathways.  This  equilibrium 
maintains  the  functioning  of  the  ecosystem  and  the  ecosystem  services  derived. 
According  to  Costanza et  al.  (1997)  ecosystem  services  are  the  benefits  that  human 
populations derive, directly or indirectly, from ecosystem functions. In coastal and ocean 





Although  the Earth has experienced  climate  changes  in  the past,  the  current  rate of 
environmental modification is much faster, taking place within a few generations of a 
species. In fact, the resilience of marine ecosystems to adjust to climate change impacts 











Coastal  environments  are  particularly  sensitive  to  sea  level  rise  because  they  will 








and  the Antarctic Circumpolar Current,  and up  to 20% higher  in  the  subtropical  and 
equatorial regions (Slangen et al., 2014). This has serious implications for coastal cities, 
deltas, and low‐lying states, which will also face the increase in the most intense tropical 
cyclones.  Changes  in  storms  and  associated  storm  surges may  further  contribute  to 
changes  in  sea  level  extremes.  In  marine  areas,  rising  sea  level  causes  changes  in 
parameters such as available light, salinity and temperature, and therefore its impact is 
related mostly  to an organism’s  capacity  to keep up with  the vertical  rise of  the  sea 
(IPCC, 2014). Sea level rise and changes in storm wave and surge characteristics lead to 
enhanced dune erosion, allowing waves to attack dunes at a higher  level, and thus a 
decrease  in  safety  levels  (de Winter  &  Ruessink,  2017).  Ecosystems  at  the  land  sea 
border, such as saltmarshes and mangroves, are also been affected by sea level rise. A 
dieback  in mangroves  due  to  subsidence  has  been  observed  (Lovelock  et  al.,  2015; 
Albert et al., 2017); meanwhile seagrasses and algae growing at their depth limit will be 
sensitive  as  increasing  water  depth  reduces  light  penetration  or  hydrodynamic 
conditions.  This  could  result  in  complete  loss  at  the  deeper  edge,  and  biomass  and 






to  7.83  in  2100  (Lerman  et  al.,  2011),  showing  considerable  spatial  variability,  with 
higher  increases  in acidity  in areas where eutrophication or  coastal upwelling occurs 
(IPCC, 2014). Marine species that are dependent on calcium carbonate (CaCO3), such as 
shellfish,  sea  stars  and  corals, may  find  it  difficult  to build  their  shells  and  skeletons 
under  ocean  acidification  (IPCC,  2014).  Reported  effects  in  corals  caused  by  ocean 
acidification  include  decreased  productivity  and  bleaching  in  corals  and  crustose 
coralline algae (Anthony et al., 2008; Albright et al., 2010); decreased recruitment and 
settlement  (Albright  et  al.,  2010;  Ateweberhan  et  al.,  2013);  reduced  primary  polyp 
growth (Anlauf et al., 2011); and effects on early life history (Albright et al., 2010). 
Sea surface warming 
Sea  surface  warming  projection  varies  considerably  between  emission  scenarios, 
ranging from about 1°C (RCP 2.6) to more than 3°C in RCP 8.5, with an average rate of 
0.18 ± 0.16°C per decade. Mixing and advection processes will gradually  transfer  the 


















is  mainly  evident  within  species  living  in  their  geographic  limits  (Lima  et  al.,  2007; 
Wethey & Woodin, 2008; Nicastro et al., 2013) or confined areas (Marbà et al., 2014). 
Seawater  warming  also  induces  stratification,  which  limits  the  exchange  of  gases 
between water layers and enhances oxygen consumption by heterotrophic organisms. 




Light  and  individual nutrients  can also  interact with  temperature and acidification  in 
primary producers. The integrated and synergistic effects of these multiple stressors on 
marine  ecosystems  must  thus  be  considered  altogether,  not  as  independent  issues 





along  the  coast  of  Europe.  They  play  an  important  role  in  nutrient  cycling,  energy 
capture and transfer, and coastal defence (Krause‐Jensen & Duarte, 2014). Kelps also 
provide  extensive  substrata  for  colonising  organisms,  ameliorate  conditions  for 
understorey assemblages, and provide  three‐dimensional habitat  structure  for a vast 






















toward  the  impacts  of  climate  change  on  human  systems,  and  therefore  the  risk 
assessment  of  marine  ecosystems  needs  some  specific  developments  of  the  main 
concepts of the methodology (Figure 1.1): 
 Hazards 
Hazards  are  potential  events  that  may  cause  damage  to,  and  the  loss  of, 




Exposure  is  related  to  the  presence  of  species  or  ecosystems,  environmental 
services  and  resources  that  could  be  adversely  affected.  The  identification  of 
target  species  or  habitats  and  the  collection  of  unbiased  data  about  their 
distribution and ecology is therefore a key step. 
 Vulnerability 
The  propensity  or  predisposition  of  species  or  ecosystems  to  be  adversely 






















assessment  to  encourage  climate  adaptation  planning  in  coastal  and  marine  areas 
(Brugère & De Young, 2015; Ellison, 2015; Torresan et al., 2016). They are mainly based 
on  the  definition  of  the  sensitivity  and  adaptive  capacity  of  systems  through  the 
characterisation  of  indicators  (Fritzsche  et  al.,  2017)  and  focused  on  multicriteria 
decision analysis implemented by expert judgment (De Lange et al., 2009). 
Despite  its  broad  application,  the  concepts  of  vulnerability  are  not  clear  and 
homogeneous  in  the  different  methodologies  (Adger,  2006).  The  IPCC  report  (IPCC, 
2014)  brought  together  existing  terms  in  its  proposed  methodology  (Figure  1.1), 
however, as it is oriented toward socio‐ecological systems it requires its adaptation to 
marine  ecosystems  study.  This  implies  the  development  of  an  approach  that  uses  a 
biophysical threat as the point of departure  in order to accurately define the hazard. 
This requires an in‐depth knowledge of the ecology of the species or communities to be 
assessed  and  the  collection  of  important  variables  at  the  appropriate  spatial  and 
temporal resolution. This bias also affects the collection of biological data, the elements 








tool with which  to  reduce knowledge gaps  in  the understanding of  the  link between 
environmental conditions and species distribution, helping to respond to changes more 












A  crucial  step  in  habitat  suitability  modelling  is  the  acquisition  of  spatially  explicit 














The growing availability and  reliability of environmental  information  through  remote 
sensing techniques in recent years may provide a tool to overcome the limitations of in 
situ measurements. Satellite  imagery has  the advantage of  increasing data collection 
frequency  and  expanding  areal  coverage,  offering  repeatable,  standardised  and 








When  working  in  large  marine  areas,  the  most  valuable  reference  is  Bio‐Oracle 
(Tyberghein et al., 2012; Assis et al., 2017b), which provides surface and benthic layers 
for  water  temperature,  salinity,  nutrients,  chlorophyll,  sea  ice,  current  velocity, 
phytoplankton,  primary  productivity,  iron  and  light  at  high  resolution  and  global 
coverage. Other remarkable databases are MARSPEC (Sbrocco & Barber, 2013), offering 




Aquamaps  (Ready et al., 2010),  focused on marine animals; and Hexacoral  (Fautin & 
Buddemeier,  2002),  which  aims  to  understand  spatial  and  temporal  patterns  in 
biogeochemistry  and  biogeography.  Some  databases  cover  both  land  and  sea  areas, 
such as  the MERRAclim (Vega et al., 2017), which offers decadal data  for 19 derived 
parameters of air temperature and humidity atmospheric water vapour.  
Despite  the  important  contributions  of  these  marine  databases,  various  important 
questions  still  require  further  investigation.  The  first  issue  to  be  considered  is  the 
common absence of data on hydrodynamic variables with global coverage (e.g. wave 
height,  current  speed  or  bottom  and  wind  stress),  despite  its  relevance  to  species 
distribution (Ramos et al., 2014; Callaghan et al., 2015; Young et al., 2015; Puente et al., 




A  second  concern  involves  to  the  lack  of  homogeneity  in  the  time  intervals  used  to 
calculate various parameters and the consequent limitations on long‐term multi‐criteria 
retrospective analysis.  
The  third  issue  that  rises  in  this  analysis  applies  to  the  ecological  reliability  of  the 
selected  parameters  (Petitpierre  et  al.,  2017).  Most  databases  only  provide  mean, 
minimum and maximum values for long periods, although many environmental affecting 
life cycles and species distributions seem to act on extreme events occurring on shorter 
time  scales  (Seabra  et  al.,  2015;  Galván et  al.,  2016),  especially  in  a  climate  change 
context  (Lima & Wethey, 2012;  IPCC, 2013; Vasseur et al., 2014). The  formulation of 
biologically‐meaningful  parameters  using  datasets  and  increasing  time  resolutions 
involves two key steps in order to get more realistic results.  
The GCMs, which take into account the RCPs introduced in the Fifth Assessment Report 
of  the  Intergovernmental  Panel  on  Climate  Change  (IPCC,  2014)  provide  the  best 






















Ideally, biological data  is  from well‐designed field campaigns, with accurately  located 
species presences and absences in the area (Franklin, 2009), however, when working in 
large  areas,  it  is  not  possible  to  sample  the  whole  study  area,  and  online  global 
databases  are  a  good  option  to  fill  the  existing  gaps.  Two  of  the most  widely  used 
databases for large scale and global distribution of species are the Global Biodiversity 
Information  Facility  (GBIF)  (GBIF,  2013)  and  the  Ocean  Biogeographic  Information 
System  (OBIS)  (OBIS,  2015).  They  provide  reasonable  information  about  species 
distribution. Despite the important advance in open access information that they imply, 
there  are  some  gaps  and  bias  in  the  collections,  such  as  uncertainty  in  species 






















(Posidonia  oceanica,  Zostera  marina,  Zostera  noltei,  Cymodocea  nodosa,  Halophila 
























species  and  the  environment  (Holt  &  Keitt,  2000),  despite  being  considered  static 
approaches, as  they are  fed with environmental  limiting  factors collected recently or 
past periods, which change very slowly at an evolutionary time‐scale (Elith et al., 2010), 
assuming niche  conservatism  (Pearman et  al.,  2008; Wiens et  al.,  2010). Hutchinson 
(1957)  also  introduced  the  concept  of  the  fundamental  niche  as  comprising  those 





be  occupied  when  competition  or  other  forms  of  biotic  interactions  are  included 
(Peterson et al., 2011).  
Although  this  description only  considers  abiotic  conditions, when building models  to 
explain and predict the distribution of organisms it is necessary to take into account that 
there are three main conditions to be met in order for a species to occupy a site and 








through  their  effect  on  all  organisms  in  the  local  community  (Guisan  et  al.,  2017). 








limiting  physiological  mechanisms,  and  therefore  laborious  measurements  and 
calculations are needed. On the other hand, correlative methods estimate the existing 
fundamental  niche  from  observations  of  the  presence  of  a  species  in  relation  to 
environmental  variation.  Its  feasibility  is  higher  as  the  information  required  is  easily 




most  techniques  used  to  model  species’  distributions  rely  on  them  rather  than 
mechanistic models.  
Even  though  the  processes  driving  a  species’  relationship  with  an  environmental 
gradient may vary, the correlative approach can still characterise, in a statistical sense, 






SDMs  usually  quantify  a  species’  realised  niche  by  taking  all  known  localities  of  the 






models  are  calibrated  with  existing  large  scale  databases  about  species  presence–
absence (or presumed absence), collected at varying resolution, accuracy and reliability 
(Peterson et al., 2011). Alternatively, the selection of variables and their parameters that 
control  population  dynamics  (such  as  growth,  survival  or  reproduction)  must  be 
representative,  geographically  and  temporally,  however,  these  data  (i.e.  obtained 














between  presence‐only,  presence‐absence  or  the  intermediate  type,  presence‐
background algorithms. This implies that background points are generated as pseudo‐
absences. The geographic or environmental extent over which these background points 




the  initial  species  data  (Barbet‐Massin  et  al.,  2012).  Sampling  background  points 







increase  initial bias and may  result  in over‐predictions of  the species  ranges  (Wisz & 
Guisan, 2009; Hanberry et al., 2012).  
Presence‐only  and  presence‐background  approaches  are  the  simplest  methods 






a  species  as  the  area  contained  within  the  shortest  continuous  geographic 
boundary  (e.g.  convex  hull);  meanwhile  environmental  defines  the  ecological 
niche of a species as the n‐dimensional bounding box that encloses all the records 




environmental  space by means of  the most extreme  (minimum and maximum) 
records  of  the  species  along  each  selected  environmental  variable.  In  order  to 
reduce  the  sensitivity  of  model  predictions  to  outliers  (i.e.  sink  populations), 
species records can be sorted along each variable and only the records that lied 
within a certain percentile range of these environmental gradients can be used for 
model  construction.  Its  main  disadvantage  is  that  it  assumes  independent 
rectilinear  bounds  and  that  all  variables  are  known,  and  it  will  cause  over‐
prediction when not enough variables are included and under‐prediction with too 
many  (or  even  spurious)  variables  (Barry &  Elith,  2006).  They  also  assume  the 























calculated  with  respect  to  many  variables;  it  can  be  linear  or  non‐linear;  the 
models can be purely additive or include interactions between predictor variables 
(Barry & Elith, 2006). The most well‐known examples are GLMs, GAMs and MARS. 
GLMs  relates  the  linear models with  the  response  variable  via  a  link  function, 
allowing the magnitude of the variance for each measurement to act as a function 
of  its  predicted  value.  GAMs  automatically  fit  response  curves  as  closely  as 












can  be  either  discrete  (classification  trees)  or  continuous  (regression  trees).  A 
decision tree is grown by repeatedly splitting the data, defined at each split (node) 
by  a  rule  based  on  a  single  explanatory  variable.  At  each  split  the  data  is 











follow  any  specific  distribution,  thus  it  is  entirely  data‐driven.  Discriminant 
analyses  are  methods  used  to  classify  individuals  (e.g.  sites,  samples  and 
populations)  into  groups  (low, moderate  or  high  suitability)  based  on  a  set  of 
features  (e.g.  environmental  variables)  to  describe  them.  Because  it  relies  on 
linear combinations of predictor variables, it is not always relevant for modelling 
species distributions. Various extensions have been proposed in the past, notably 
the  FDA  (Hastie  et  al.,  1994),  which  allows  the  user  to  replace  the  linear 
combination with non‐parametric functions such as MARS.  
e) Bagging and boosting techniques.  
A  classification  or  regression  method  is  applied  to  various  resampling  of  the 






wise  procedure  that  iteratively  fits  simple  trees  to  the  training  data,  while 







with  the  greatest  entropy.  The  pixels  representing  the  distribution  of  species 
occurrences constitute the sample points and their environmental features are the 
explanatory variables (Elith et al., 2011). 













data,  however  this  is  rarely  achieved  (Araújo  &  Guisan,  2006).  This  generates  an 
unexplained  variance  that  biases  the  quantification  of  the  climate  niche.  Important 
predictors  that  are  unavailable  should  thus  be  identified  prior  to model  fitting,  and 
implications anticipated  to ensure  successful predictions and avoid drawing  spurious 
conclusions. Whether species observations are appropriate to fit a model can only be 
determined according to the  later use of  the model  to answer the  initial aims of  the 
study.  For example,  if  simple presence‐absence  is  available, one  cannot exclude  sink 
populations (i.e. outside the species’ fundamental niche, where mortality is greater than 
fecundity  and  populations  cannot  maintain  viable  populations  without  constant 
immigration; see Pulliam (2000)). If the models are calibrated from data that include sink 






2005).  Observed  patterns  are  assumed  to  reflect  the  species’  full  biotic  potential, 
implying that the species can potentially occur in all environmentally suitable locations 





2006).  Recent  findings  suggest  that  niche  shifts  do  occur  in  previously  unrecognised 
situations,  owing  to  ecological  processes  changing  the  realised  niche,  and/or 
evolutionary  processes  altering  the  fundamental  niche.  Furthermore, we  still  cannot 
predict which  species will  be  affected  by  niche  changes,  nor  it  is  clear  under which 
ecological conditions or over what time periods these niche changes will be observed 













predictions.  Secondly, estimation of  the  spatial distribution of errors associated with 
environmental predictors is essentially used to calculate spatial uncertainty in the model 
predictions,  but  it  is  usually  considered  that  predictors  are measured without  error, 













Assessing  the  predictive  power  of  a  model  is  of  paramount  importance,  for  both 
theoretical and applied issues. It is a crucial step in any modelling exercise, as it evaluates 





assumptions, whereas a model  that  aims  to predict distributions needs  to be  robust 
from a predictive capacity perspective (Guisan et al., 2002).  
Model strength has to be assessed, both  in  terms of  the application of  the model  to 
predict  independent  data  (predictive  ability,  “testing”)  and  to  the  ecological 
meaningfulness  of  the  underlying  model  (ecological  realism).  This  implies  a  certain 
degree of independence in the test dataset (Hastie et al., 2009).  
Generally,  measures  can  be  grouped  as  threshold‐dependent  and  threshold‐
independent  (Liu et al.,  2009).  The main  limitation of  first  group  is  that  an  arbitrary 
choice of threshold is required in converting probabilistic predictions to binary ones. This 
is  the  case  for  metrics  based  on  a  confusion‐matrix,  such  as  sensitivity,  specificity, 
positive predictive value, TSS or Cohen’s Kappa, however, some authors have argued 






(Hanley  &  McNeil,  1982).  The  most  commonly  used  statistic  is  the  AUC,  which  is 
obtained  by  plotting,  for  each  threshold,  the  proportion  of  true  positive  against  the 
proportion of false positive and by computing the area under the curve thus defined.  
Various  judgment  scales  have  been  proposed  to  interpret  AUC  values.  Swets  (1988) 
defined  AUC  values  between  0.5  and  0.7  as  translating  “poor”  predictions,  values 
between 0.7 and 0.9 as “useful” prediction and values above 0.9 as good predictions. 
Araujo  et  al.  (2005)  proposed  a  refined  scale  with  AUC>0.9  being  “excellent”; 
0.8<AUC<0.9  being  “good”;  0.7<AUC<0.8  “fair”;  0.6<AUC<0.7  “poor”;  0.5<AUC<0.6 
“fail” and AUC<0.5 being “counter‐predictions” (similar to negative correlation between 
observations  and  predictions).  Most  models  built  with  background  data  are  also 
evaluated  with  standard  statistics  (e.g.  AUC),  however,  the  use  of  pseudo‐absences 
renders  model  evaluation  even  more  difficult  than  model  fitting  because  the 
probabilities predicted have no absolute value per se. Only occurrence data can be used 
in this case to evaluate calibration. If it is used to assess discrimination, the evaluation 
















spatially  or environmentally. When assessing  SDMs predictions  therefore have  to be 
‘realistic’ at each geographical location in the study area or may simply be content with 
similar  levels  of  realism  at  all  geographical  locations  sharing  some  common  set  of 
environmental  attributes  (Barry  &  Elith,  2006).  The  question  of  environmental 
availability  is  important because  it  can affect  the way  that key assumptions  (such as 
niche  conservatism/stability)  are  evaluated,  and  also  how  some  models  are 




complementary.  It  relates  to  the  identification  of  environments  that  exist  in  one 
area/period but not in the other. In recent years, several tests have been developed to 






model  predictions  with  observations,  in  order  to  provide  information  in  different 
aspects of the model’s predictive power (Guisan et al., 2017). To obtain a real evaluation 















spatial  co‐variation  between  predictors  is  different  or  has  changed,  such  as  when 
attempting  to  anticipate  biological  invasions  (Thuiller  et  al.,  2005)  or  the  impact  of 





















also  reduce  model  transferability  (Randin  et  al.,  2006).  Ensemble  modelling  is 








































some  cases  merged,  constituting  edited  and  modified  versions  of  different  articles 
published in or submitted to SCI journals. 





















0.5º  for  oceanic waters.  Due  to  the  influence  of  the  Red  Sea  in  the Mediterranean, 





















































(Tyberghein  et  al.,  2012;  Assis  et  al.,  2017b),  MARSPEC  (Sbrocco  &  Barber,  2013), 
Aquamaps  (Ready  et  al.,  2010)  or  the  MERRAclim  (Vega  et  al.,  2017))  contributed 
remarkably  to  the advance  in global  studies. However,  it  is necessary  to address  the 
detected  gaps  (inclusion  of  hydrodynamic  variables,  lack  of  homogeneity  in  time 
intervals, ecological reliability of parameters and projected to climate change scenarios 
considering the best information available (RCPs)) in order to meet current and future 
needs  for  species  distribution  studies.  Homogeneous  and  complete  high‐resolution 
data,  integrated  at  different  time  scales,  ecological‐sounded  parameters,  based  on 

















contributing  to  the  maintenance  of  biodiversity  and  providing  ecosystem  services 
(Duarte et al., 2013; Ondiviela et al., 2014; Mazarrasa et al., 2017). However, the aim of 




The  variables  included  in  OCLE  were  first  selected  because  of  their  functional 
relationship  with  seagrasses  and  macroalgae  distributions.  Those  variables  with  a 
heterogeneous  distribution  in  space  and/or  time  were  discarded.  General  meteo‐








2014;  Jensen & Denny, 2015;  Jones et al., 2015; Quintano et al., 2015) and sea  level 
(Short & Neckles, 1999), especially under  future  scenarios. A  final  group of  variables 




For each variable, a complete set of parameters was selected  in order  to reflect  in a 







































at  two times scales, a mid‐term (2040‐2069) and a  long‐term period  (2070‐2099)  for 
different RCPs. This experimental  set has been selected  for  its high skill  to  represent 
projections at the North‐East Atlantic Region (Perez et al., 2014) and because it is the 
reference set provided by the IPCC for climate research and impact and risk assessment. 
Quality  assurance  and  control  procedures  for  projected  data  were  based  on  MSE 
between the historical data series selected and those of  the GCMs  for  the  reference 
period  (1985‐2005).  This  analysis  was  carried  out  for  each  of  the  Marine  Strategy 










































































































































































databases  (Table  2.1),  applying  the  formulation  of  Soulsby  (Soulsby,  1997).  The  bed 
roughness was derived from the substrate type (standardized in five typologies: mud, 
sand,  coarse,  mixed  and  rock),  according  to  Soulsby  (1983).  This  formulation  was 
selected because it has demonstrated good results in other studies (Antunes do Carmo 
et al.,  2003;  Tomás et al.,  2012; Roulund et al.,  2016). All  variables were  temporally 
homogenised through the compilation of raw to daily, when possible, or monthly data. 




















GFDL‐ESM2G  NOAA Geophysical Fluid Dynamics Laboratory  USA  1°L63 










MPI‐ESM‐LR  Max Planck Institute for Meteorology (MPI‐M)  Germany  1,5°L40 








retrospective  analysis  of  species  distributions  at  different  scales,  this  work  has 


















One  important  contribution  of  OCLE  is  the  development  of  a  derived  variable,  the 
bottom shear stress, which allows detecting the areas where the energy of the system 





stress.  The  historical  distribution  of  the  winter  90th  percentile  reflects  the  spatial 










One of  the  first  requirements  in  the design of an end‐users oriented database  is  the 
integration  of  their  needs. Most  databases  available  provide  a  unique  value  for  the 
whole period considered, which largely limits the type of hypothesis posed concerning 
prospective  and  retrospective  trend  analysis  on  species  distribution  (Thurstan et  al., 
2015). OCLE offers data with a higher resolution  from daily or monthly  to  full period 
considered  (Figure  2.1).  This  allows  detecting  not  only  average  environmental 
conditions, but also extreme conditions, which affect many species responses (Galván 
et al., 2016).  
The  interannual  variability  results  crucial  because  species  can  respond  to  yearly 
episodes, most  of  them  lost when  using  long‐term  averaged  values.  Similarly,  intra‐



















Two spatial  resolutions are available  in OCLE  in order to adapt the analysis scale and 
computing resources to the end‐users needs. This allows addressing from general trend 














Abiotic  conditions  that  control  the  settlement,  survival  and  reproduction  of  marine 
species are key factors that may determine, together with biological  interactions, the 
species distribution (Araújo & Guisan, 2006). Currently, studies on specific thresholds 
for  different  physical  and  chemical  variables  affecting  functional  processes  of 
macrophytes are mostly addressed in laboratory or in situ experiments. Their application 
to  field  conditions  and  under  usually  more  complex  environments  may  limit  their 
transferability (Valiela, 2001). Variables and parameters established in OCLE have been 







to  the  threshold  for  bottom  shear  stress  proposed  by  Vousdoukas  et  al.  (2012),  an 
















Concerning  projections,  OCLE  does  include,  to  our  knowledge,  the  best  information 
available (IPCC, 2014). Two future scenarios (RCP 4.5, RCP 8.5) were considered for the 













OCLE  results  are  available  for  free  and  stepwise  download  at 
http://ocle.ihcantabria.com,  to  allow  users’  choice  of  the most  appropriate  data  for 
their  research needs,  regarding  the period  (historical or projected),  the variables  (16 
options) and parameters of interest (12 choices). The full historical records (1985‐2015) 
are split into five‐yearly datasets.  
Concerning projections, data  for  the mid‐term (2040‐2069) and the  long term (2070‐










over  the map,  coordinates  screening,  coastal  areas  (until  50 m depth) or predefined 




Additionally,  it  is  possible  to  access  to  yearly  data  and  customized  parameters  on 















































J.A. with  the  title  “Temporal  transferability of marine distribution models:  the  role of 
algorithm selection”. 
1. Introduction 
Understanding  wide  spatial  distributions  of  marine  species  is  essential  for  their 
conservation and management. However, in the marine area cartographies are biased 
because of  logistical  complications  and  economic  constraints  of  broad  scale  subtidal 
sampling (Bekkby et al., 2009; Belando et al., 2015). These limitations have increased 
the  interest  and  reliance  on  SDMs,  as  a  tool  for  marine  resources  management 
(Robinson  et  al.,  2017).  SDMs  are  based  on  a  quantification  of  species‐environment 
relationships by using numerical tools (Guisan & Zimmermann, 2000; Elith & Leathwick, 
2009),  and  thus  they  represent  a  cost‐effective  way  to  provide  efficient  large‐scale 
mapping where field‐collected data are limited or currently unavailable (Gorman et al., 
2013; Álvarez‐Martínez et al., 2018).  
Additionally,  SDMs  allow  to  quantifying  the  environmental  niche  of  species  and  its 
changes  in  time  and  space,  therefore  they  are widely  used  to  assess  the  impacts  of 
climate change on species distributions (Buonomo et al., 2018; Martínez et al., 2018b). 






requirements  have  been  proven  (Ramos  et  al.,  2017),  it  has  not  been  conducted  a 
generalization in large marine areas, which might be a very useful tool for working with 
extensive number of species. 


























severity of  the effect of multicollinearity, by measuring  the extent  to which variance 
increases in a regression due to collinearity compared to when uncorrelated variables 
are  used  (Montgomery  &  Peck,  1982).  VIF  test  are  especially  recommended  when 
numerous  variables  are  added  to  a  regression,  as  it  detects  the  variables’  linear 
correlation structure. Usually values from five to ten are considered as critical for multi‐
variable correlation (Guisan et al., 2017). Thus, 32 predictors remained (Table 3.1). The 
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The  optimal map  size  (number  of  units) was  chosen  based  on  the  heuristic  formula 
proposed by Vesanto et al. (2000), 𝑀 ൌ 5√𝑁, where M is the number of map units an 
N  is  the number of points  in  the mesh. As N=843,  thus M=145.17 and  the SOM size 
selected was 144. As a result, data were transformed from the high‐dimensional space 















Table  3.2.  List  of  species  considered,  with  reference  to  their  general  area  of  distribution, 
preferred tidal level and the number of records. 
SPECIES  DISTRIBUTION  TIDAL LEVEL  NUMBER OF RECORDS 
Laminaria hyperborea  North Atlantic  Subtidal   507 
Laminaria digitata  North Atlantic  Subtidal  473 
Laminaria ochroleuca  Atlantic  Subtidal  37 
Saccorhiza polyschides  Atlantic and Mediterranean Sea  Subtidal  299 
Saccharina latissima  Atlantic  Low intertidal to subtidal  465 
Himanthalia elongata  Atlantic  Low intertidal to subtidal  231 
Ascophyllum nodosum  North Atlantic  Intertidal  482 
Pelvetia canaliculata  Atlantic  Upper intertidal  449 
Fucus spiralis  Atlantic and West Mediterranean  Upper intertidal  451 
Fucus vesiculosus  Atlantic  Intertidal  409 




Sargassum muticum  Atlantic  Lower intertidal and upper subtidal  242 
Fucus serratus  North Atlantic  Middle intertidal  536 




Chondrus crispus  Atlantic and Mediterranean Sea  Subtidal  412 
Corallina officinalis  Atlantic  Lower intertidal to subtidal  486 
Ellisolandia elongata  Atlantic  Lower intertidal to subtidal  33 
Gelidium corneum  South Atlantic  Subtidal  29 























































































The  pattern  of  Sargassum muticum  is  far  from  the  other  species,  which  justifies  its 
isolation in the Group 3. This is likely due to its invasive condition in Europe (Stæhr et 
al.,  2000;  Sánchez  et  al.,  2005),  therefore  it  is  probably  not  in  equilibrium with  the 
environment (Araújo & Pearson, 2005). 
The species included in the Group 4 are found high on the shore (Anadón, 1983; Little & 





A  representative  species  of  each  group  was  selected  to  accomplish  the 
recommendations of having 5‐10 presences for each predictor (Guisan & Zimmermann, 
2000; Franklin, 2009; Araújo & Peterson, 2012), therefore 180‐360 records. When no 
species  accomplished  these  criteria,  the  one  closer  to  limits  was  selected.  The  final 
species were: 
1.  Saccorhiza polyschides 








spring  tides  (Rico,  1992).  The  highest  productivity  has  been  reported  during 










introduction  was  most  likely  due  to  shipment  of  Japanese  oyster  and  it 
constitutes one of  the most  conspicuous  changes  in macroalgal  vegetation  in 
recent  years.  S.  muticum  is  firmly  established  as  a  major  colonizer  of  lower 
intertidal  and  shallow  subtidal  regions  from  the western  coast  of  Norway  to 
Portugal  (Steen,  2004).  Due  to  its  invasive  behaviour  it  competes with  other 
macroalgae  species  for  both  substrate  and  light  and may  cause  variations  in 




several  other  kelp/fucoid  seaweeds,  an  endemic  structural  assemblage  that 






















































J.A. with  the  title  “Temporal  transferability of marine distribution models:  the  role of 
algorithm selection”. 
1. Introduction 
Understanding  wide  spatial  distributions  of  marine  species  is  essential  for  their 










currently  unavailable  (Gorman  et  al.,  2013;  Álvarez‐Martínez  et  al.,  2018).  Among 
existing  SDMs,  correlative  models  are  widely  used  as  they  are  the  most  broadly 









attempts  to  guide  this  selection  in  the  terrestrial  environment  (Segurado  &  Araujo, 
2004; Aguirre‐Gutiérrez et al., 2013; Raina & Rao, 2014; Beaumont et al., 2016), but 
marine  ecosystems  are much  less  studied  (Robinson  et  al.,  2011).  For  instance,  the 
inconsistency in algorithm performance has led to the aggregation of the outputs from 







these  consensus  approaches.  According  to  Marmion  et  al.  (2009)  the  weighted 
consensus  method  is  the  most  efficient,  but  it  is  necessary  to  define  the  objective 
weighting scheme (Peterson et al., 2011). 
Another  important  issue when estimating  the  effect  of  climate  change  impacts  over 
marine species using SDMs deals with the possibility of transferring results obtaining at 








al.,  2018).  Moreover,  transferability  assessments  have  not  yet  been  standardised, 
leading to disparate interpretations that preclude comparisons of relative performance 
among model transfers (Sequeira et al., 2018). 
Bearing  in mind  the noted gaps,  the overall objective of  this  chapter  is  to develop a 
methodology,  broadly  applicable,  for  selecting  the  modelling  techniques  and  their 
weights  that  better  fit  in  the  marine  environment,  considering  their  temporal 
transferability for climate change studies. This way, the specific objective 3 of this thesis 
is accomplished. As a case study, seaweeds have been selected as their distribution is 












2) Modelling.  The  best  algorithms  for  each  group  were  selected.  Settings  were 
adjusted for each algorithm by including only the most explanatory predictors, 
whose contributions were obtained for the final models. 















































As only presence  information was available,  1000 background points were  randomly 
generated  in  the  geographic  space,  not  overlapping  presence  sites,  which  has  been 
reported as the method that provide more interpretable results (Phillips & Dudík, 2008; 
Guisan et al., 2017; Iturbide et al., 2018). 








































































































































































































































































Besides,  a  visual  inspection  of  predictions  was  conducted  to  identify  possible 



















  GROUP 1  GROUP 2  GROUP 3  GROUP 4  GROUP 5 
  P1  P1b  P2  P2f  P1  P1b  P2  P2f  P1  P1b  P2  P2f  P1  P1b  P2  P2f  P1  P1b  P2  P2f 
GLM  27.62  37.14  14.41  18.64  22.78  6.33  21.21  75.76  19.15  8.51  6.83  95.03  15.77  98.34  20.00  95.45  17.39  4.35  10.00  10.00 
GAM  37.14  6.67  22.03  1.69  29.11  3.80  21.21  57.58  68.09  19.15  17.39  100  44.40  0.83  42.73  97.27  8.70  ‐  ‐  10.00 
RF  71.43  37.14  37.29  52.54  69.62  15.19  18.18  63.64  76.60  59.57  17.39  12.42  72.61  42.74  52.73  70.00  69.57  21.74  10.00  60.00 
MAXENT  79.05  37.14  52.54  10.17  79.75  39.24  42.42  60.61  82.98  72.34  30.43  21.12  80.50  47.72  78.18  83.64  82.61  34.78  10.00  10.00 
CART  45.71  3.81  24.58  34.75  34.18  ‐  ‐  12.12  ‐  2.13  100.00  ‐  14.94  26.97  10.91  2.73  26.09  ‐  ‐  10.00 
SVM  37.14  12.38  20.34  84.75  20.25  41.77  72.73  51.52  53.19  29.79  15.53  0.00  7.47  53.94  10.91  18.18  91.30  100.00  10.00  100.00 
MARS  22.86  13.33  12.71  3.39  39.24  2.53  12.12  6.06  19.15  25.53  4.97  0.62  27.80  0.41  33.64  27.27  13.04  4.35  10.00  10.00 
MDA  47.62  32.38  34.75  11.86  34.18  7.59  36.36  30.30  19.15  14.89  14.29  93.79  51.87  48.55  46.36  37.27  47.83  13.04  10.00  10.00 

































































































































































  GROUP 1  GROUP 2  GROUP 3  GROUP 4  GROUP 5 





































































































































































to  both  periods.  Temperature  was  also  important  in  both  cases,  but  in  P1  SST 









Table  4.5.  Contribution  of  each  variable  (in  brackets  in  percentage)  by  groups  and  periods 
ordered from higher to lower importance. 










































































































































































  GROUP 1  GROUP 2  GROUP 3  GROUP 4  GROUP 5 
AUC  0.87±0.25  0.92±0.07  0.92±0.01  0.97±0.07  0.91±0.01 














































































































5  RF  85.72 MAXENT 14.29 





TRANSFERABILITY  GROUP 1  GROUP 2  GROUP 3  GROUP 4  GROUP 5 
Forward  1  0.88  0.86  0.98  0.84 
Backward  0.98  0.92  0.96  0.92  0.86 































































































































































































cost‐effective  tool  for  conservation  and  management,  especially  for  the  seaweeds 
considered for which settings have already been defined. In addition, the methodology 







sensitivity  than  regression‐based  approaches  because  of  their  more  efficient 
management of complex species‐environment relationships (Thibaud et al., 2014). On 













performance  of  different  algorithms,  sample  size  is  a  key  aspect  (Wisz  et  al.,  2008; 
Thibaud et al., 2014; Breiner et al., 2018). In the group 5, the sample was small, although 
MAXENT  and  RF  showed  to  be  much  less  affected  by  this  issue  than  regression 
algorithms (Aguirre‐Gutiérrez et al., 2013; Thibaud et al., 2014).  
Nevertheless, another aspect that it is necessary to consider when comparing modelling 












(Marmion et al.,  2009; Grenouillet et al.,  2011; Crossman et al.,  2012; Guisan et al., 
2017), even for small samples sizes (Breiner et al., 2018), particularly weighted average 
consensus  methods  provide  the  most  robust  predictions  (Marmion  et  al.,  2009). 
However,  the selection of  the weights  to consider  is a key step, still not  resolved for 






not  guarantee  transferable models  (Huang et  al.,  2016).  A  good option  to  solve  this 
problem is using models that have already been successfully transferred to other time 
and  validated with  independent  data  (Sequeira  et  al.,  2018), which  are  also  able  to 
capture the inter‐annual variability in each period (Tuanmu et al., 2011; Huang et al., 
2016). Both aspects were considered in this study, with 12 years data for each period 
and  a  gap  of  seven  years  to  ensure  the  independence  of  time  frames  (Dixon,  1966; 
Chapman & Chapman, 1980; Lüning et al., 1990; Little & Kitching, 1996). According to 
Tuanmu  et  al.  (2011),  models  have  good  temporal  transferability,  with  differences 
between  groups,  as  it  is  species‐specific  (Randin et  al.,  2006).  For  example,  group  5 
presented  the  lowest  values,  which  could  be  a  consequence  of  the  low  number  of 













than  Europe  (Figure  1.3,  Chapter  I)  in  order  to  include  a  large  combination  of 
environmental conditions in both periods (data‐rich scenario according to Sequeira et 









(Guisan  et  al.,  2017)  and,  consequently,  the  weighted  ensemble  by  their  temporal 









mid‐intertidal  and  subtidal  species, with  a high  contribution of  Tm, Uw and Urms  in 
groups 2, 3 and 5 but not  in group 4, characterized by high TR (Figure 4.3).  It  is also 
remarkable  that  all  groups  exposed  to  desiccation  presented  a  high  importance  of 
parameters  derived  of  AT,  Ws  and  TR,  especially  their  maximum  and  variability 
indicators. This highlights  their significant role  in species survival, although  in marine 
studies  they are not usually  considered.  Furthermore,  this work also empathizes  the 
decisive  role  of  extreme  conditions,  whose  parameters  were  present  in  all  groups, 





































































There  are  evidences  of  how  climate  change  is  affecting  marine  communities  and 
consequently, the ecosystem services they provide (Doney et al., 2012; Liquete et al., 
2016). Among marine flora, seaweeds dominate  intertidal and subtidal environments 
(Lüning  et  al.,  1990).  Their  role  as  engineering  species  defines  the  structure  and 
functioning  of  the  benthic  assemblages  through  biotic  and  non‐biotic  interactions 




invasions  (Tamburello  et  al.,  2014;  Duarte  et  al.,  2017).  To  reach  this  objective  it  is 
required  the  identification  of  the  variables  and  parameters  that  determine  species 
ecology  and  the  definition  of  their  physiological  thresholds.  When  working  in  large 
areas, hydrological variables (e.g. wave height, current speed or bottom and wind stress) 






change  context  will  be  decisive  (Seabra  et  al.,  2015).  Concerning  species  tolerance 

















1) Data  selection  and  quality  control.  Predictors  related  to  seaweed  ecology 






















as  representative  of  21  seaweeds  (Table  3.2,  Chapter  III)  defined  by  grouping  them 
according to results of Chapter IV.  
Biological  records  were  collected  from  1985  to  2015  from  the  sources  of  Table  3.3 













mesh  point.  For  the  historical  period  (1985‐2015)  15  variables were  considered:  sea 
surface temperature, significant wave height, salinity, air temperature, wind speed, tidal 
range, bottom shear stress, bottom orbital speed, currents, radiation, light attenuation 





8.5  (IPCC,  2014)  for  the  mid‐term  (2040‐2069)  and  the  long  term  (2070‐2099):  sea 




Additionally,  to detect  changes  in  extreme conditions  for  SST  and AT  the number of 
consecutive days that the percentile 90th is exceeded (Torresan et al., 2016) and for Tm 
the  number  of  days  over  2.2  Nt/m2  (Vousdoukas  et  al.,  2012)  were  calculated. 
Furthermore, for projections, the same parameters were calculated seasonally, yearly 
and for the full period. 












































































  S. polyschides  G. spinosum  S. muticum P. canaliculata  C. baccata
AUC  0.93  0.98  0.99  0.97  0.98 
TSS  0.84  0.93  0.93  0.86  0.94 
BOYCE INDEX  0.99  0.94  0.99  0.99  0.91 
CCR  0.43  0.35  0.11  0.74  0.31 
SENSITIVITY  73.30  61.67  100  11.44  69.23 
AUCdiff  0.039  0.007  0.004  0.0002  0.019 
Niche overlaps comparison showed that abiotic environments were more different for 
the RCP 8.5 than for RCP 4.5 and for long term than mid‐term, showing a clear gradation 
in  both  metrics  (Table  5.2).  According  to  Figure  S5.2,  a  medium  overlap  can  be 




  RCP 45m  RCP 45l  RCP 85m  RCP 85l 
Schoener's D  0.45  0.40  0.39  0.29 






























muticum.  Besides  species’  tolerance  to  predictors  is  clearly  defined  by  the  different 
probabilities  of  presence.  For  example,  it  is  exposed  S. muticum’s  tolerance  to  high 
values of currents and temperatures and low variability in nitrate. 
According to the predicted geographical distribution of species, Figures 5.4‐5.8 showed 
the  difference  in  the  probability  of  occurrence  species  between  RCPs  and  historical 
predictions.  In addition, all RCPs and periods were  represented  in Figures S5.8‐S5.12 
with different scales to allow a better visualization. Visual assessment showed that for 
S.  polyschides  and  G.  spinosum  a  remarkable  decrease  in  habitat  suitability  was 
predicted in the whole distribution area, reaching values lower than 0.2 in the RCP 8.5 
long  term.  S. muticum  southern  areas  reduce  their  suitability,  until  disappear  in  the 
Iberian  Peninsula;  meanwhile  probability  increase  in  northern  areas.  P.  canaliculata 
probabilities of occurrence in the west of Britain might decrease slightly, whereas the 


































































used  variables,  such  as  SST was  also  confirmed  (Bosch  et  al.,  2017; Martínez  et  al., 
2018b;  Piñeiro‐Corbeira  et  al.,  2018).  Results  remark  the  decisive  role  of  extreme 
conditions in seaweeds distribution, supporting the importance of considering stressful 
parameters (Galván et al., 2016; Assis et al., 2017a; Vranken et al., 2018).  
Previous  studies  have  already  established  the  importance  of  SST  for  S.  polyschides 
(Fernandez,  2011),  especially  focused  on  their  maximum  during  growing  season. 
Additionally,  this  work  remarks  the  importance  of  variability  (Werner  et  al.,  2016), 
reason why  it was  reported  to  survive only  in  areas with narrow  temperature  range 
(Lüning et al., 1990). S. polyschides  lives  in  the subtidal, but often extends on  to  the 
lower  shore,  which  explained  the  importance  of  TR  as  a  limiting  factor.  The model 
selected  also  nitrate  availability  as  a  critical  factor  of  S.  polyschides  growth.  The 
importance of Tm minimum in fall shows its preference for areas of low energy, although 






environmental combination  important  for  the area. Projections agreed with previous 




















occurrence  in  the north populations  (Ireland and west of UK)  than  in  southern ones 













why  the variability  in  the  light availability during  these  seasons were  included  in  the 
model.  As  a  consequence  of  its  invasive  condition  it  is  probably  not  in  equilibrium 
(Araújo & Pearson, 2005) and many variables influence its distribution. As SDMs assume 
this balance and the model was calibrated with data of the invaded range only, results 
must  be  considered  carefully.  Bearing  this  in  mind,  results  agreed  with  existing 
knowledge, which suggests that model worked well. Historical distribution captured the 






















AT, Ws)  and marine variables  (SST, Urms,  Tm, Hs).  It  is  remarkable  that most of  the 




Atlantic  (García‐Fernández  &  Bárbara,  2016),  whose  limits  increase  in  the  RCP  8.5. 
Together with S. muticum, they were the only species that gained area. These results 
agreed with the changes detected in the north of Spain between 1977 and 2007, with a 




For  all  species,  important  changes  occur  in  their  range  of  distribution,  which might 
modify  the  assemblage  physical  environment  and  the  structure  of  the  understory 
species. These shifts in species compositions have already been reported in the north of 










It  is  remarkable  the  great  significance  of  hydrodynamic  variables  and  extreme 






with  other  predictive  models.  The  main  trend  is  the  disappearance  of  southern 
communities (Jüterbock, 2013; Assis et al., 2018; Wilson et al., 2019), which has been 
also detected in this study. However, meanwhile some fucoids are predicted to migrate 
northward,  our  model  suggests  a  more  dramatic  scenario.  That  could  be  the 
consequence of including some hydrodynamic variables that are usually not considered 
and  the  methodological  approach  that  selects  the  algorithms  and  their  weights 
according to their ability to be transferable in time. 
Modelled  species  distributional  range  shifts  are  subjected  to  a  large  number  of 




shifts  are  the  product  of  a  multifactor  complex  interaction  of  abiotic  and  biotic 
conditions, dispersal potential and evolutionary capacity to adapt (Soberón & Peterson, 
2005). Taking these aspects into account, the good accuracy of results obtained supports 
that this study constitutes the baseline for  identification of  the species and  locations 
potentially  in  threat.  It can be considered an  initial  step  in  the assessment of a  large 
number  of  marine  species  with  different  requirements  (intertidal  and  subtidal)  and 



























































As  the  objective  of  the  methodology  was  to  assess  climate  change  effects,  it  was 
necessary to test its temporal transferability. To do this a framework was developed to 
guide  the  algorithms  selection  and  their  weights  in  ensemble  approaches  when 
modelling  species  distribution,  ensuring  their  temporal  transferability  with  two 
independent sets of abiotic and biotic data, previously obtained (specific objective 3). 
Besides,  the most  complete pull until now of  species physiological  thresholds by  the 




the modelling  framework  were  defined,  all  elements  were  integrated  to  obtain  the 






polyschides  and  Gelidium  spinosum,  meanwhile  Sargassum  muticum  and  Cystoseira 
baccata would be predicted to expand their range. Pelvetia canaliculata might decrease 
its probability of occurrence but  it would be able to cope with changes. Besides,  it  is 
remarkable  the  importance of  hydrodynamic  variables,  such  as  bottom  shear  stress, 
currents, bottom orbital speed or significant wave height for all species, supporting the 
importance of including this information when modelling marine species. 
In  addition  to  the  general  conclusions  exposed,  results  allow  the  extraction of more 
specific findings for each chapter, detailed below. 
Chapter  II.  OCLE:  a  European  Open  access  database  on  Climate 
change effects on Littoral and oceanic Ecosystems 
 OCLE  database  constitutes  a  step  further  in  the  availability  of  environmental 
information  linked with marine ecosystems.  It allows hazards definition  in the 
context of studies of climate change effects on marine ecosystems. 
 OCLE  contributes  to  the  existing  knowledge  by  providing  outstanding 
hydrodynamic  variables  for marine  communities,  such  as  the  own  developed 
variable bottom shear stress. 
 The variety of parameters included in OCLE and their high temporal resolution, 
allow  researchers  to  define  biologically  meaningful  predictors  of  species  or 
communities. 
 The output  format  (.csv)  can be used  in diverse kinds of marine studies, with 




 The application of  the SOM analysis  to group  species  shows  that,  in  terms of 
minimum effort and highest accuracy, it is possible to deal with a high number 
of species, considering the ecological differences between them. 
 The  species  Saccorhiza  polyschides, Gelidium  spinosum,  Sargassum muticum, 
Pelvetia canaliculata and Cystoseira baccata can be considered representative, 















 Predictors  related  to  extreme  conditions  (maximum,  number  of  days  over  a 
threshold) are decisive for all species considered. 
 This  methodological  approach  constitutes  a  time  and  cost‐effective  tool  for 
climate  change  studies  in marine areas by providing a  starting point  to guide 
researchers  in  the  algorithm  and  their  weights  selection  to  ensure  models 
temporal transferability. 
 Results are satisfactory and robust for being broadly applied in marine research 
with  different  objectives  and  geographical  areas,  allowing  a  comparative 
framework between species predictions and promoting the use of transferable 
models, especially in climate change studies. 
Chapter  V.  Climate  change  induced  range  shifts  in  seaweeds 
distributions in Europe 
 Models  built  have  been  demonstrated  a  very  good  goodness‐of‐fit  and 
discrimination performance. 
 Although  requiring  further  development,  the  initial  results  presented  here 




 The most  endangered  species would  be  Sacchoriza  polyschides  and Gelidium 
spinosum,  meanwhile  Sargassum  muticum  and  Cystoseira  baccata  would  be 






Results  of  this  thesis  should  be  considered  as  a  first  step  in  the  assessment  of  the 
magnitude of modelled range changes in seaweeds in Europe. Tools developed help to 
fill the gap in knowledge between seaweeds ecology and environmental drivers on the 








During  this  thesis,  some  aspects  have  been  detected  to  need  further  development. 
Although they have been exposed in the discussion section of each chapter, they have 
been summarized below: 




or NAO needs  to be assessed, as  this work has demonstrated  the  importance of 
extreme events for species distribution. 
 Local  studies  require  the  collection  of  data  at  appropriate  detail  level  by 
downscaling the existing information at coarse resolution. This approach requires 
the definition of an accurate procedure, able to capture local characteristics. 
 The  improvement of biological data quality, by  field procedures homogenization 
and  increase  in  geographical  and  temporally  cover, would allow  the  inclusion of 






of  species  with  their  environment  needs  to  be  assessed,  especially  for  invasive 
species. 
 A  further  step  in  modelling  is  the  inclusion  of  biotic  relationships  and  species 
movement  capacities  additional  to  abiotic  conditions. Although  the definition of 




 Ideally,  when  temporal  information  is  available  and  the  biotic  interactions  are 
clearly defined in the ecosystem, the use of mechanistic models arises as the best 
tool to make predictions. 
 The  combination  of  niche‐based  SDMs,  environmental  data  from  the  field,  and 
phylogenetic  information  can  help  us  to  better  define  both  the  timescales  over 




experience  them.  Additional  empirical  data  on  the  life  history  characteristics, 
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One approach to identifying and mapping the state of marine biophysical conditions is the identiﬁcation
of large-scale ecological units for which conditions are similar and the strategies of management may
also be similar. Because biological processes are difﬁcult to directly record over large areas, abiotic
characteristics are used as surrogate parameters. In this work, the Mediterranean Sea was classiﬁed into
homogeneous spatial areas based on abiotic variables. Eight parameters were selected based on salinity,
sea surface temperature, photosynthetically active radiation, sea-wave heights and depth variables. The
parameters were gathered in grid points of 0.5 spatial resolution in the open sea and 0.125 in coastal
areas. The typologies were obtained by data mining the eight parameters throughout the Mediterranean
and combining two clustering techniques: self-organizing maps and the k-means algorithm. The result is
a division of the Mediterranean Sea into seven typologies. For these typologies, the classiﬁcation rec-
ognizes differences in temperature, salinity and radiation. In addition, it separates coastal from deep
areas. The inﬂuence of river discharges and the entrance of water from other seas are also reﬂected.
These results are consistent with the ecological requirements of the ﬁve studied seagrasses (Posidonia
oceanica, Zostera marina, Zostera noltei, Cymodocea nodosa, Halophila stipulacea), supporting the suit-
ability of the resulting classiﬁcation and the proposed methodology. The approach thus provides a tool
for the sustainable management of large marine areas and the ability to address not only present threats
but also future conditions, such as climate change.
© 2017 Elsevier Ltd. All rights reserved.1. Introduction
The Mediterranean Sea represents only 0.82% of the ocean sur-
face, but with nearly 17,000 known marine species, it is home to
4e18% of global marine biodiversity and 10e48% of endemic spe-
cies depending on the groups (Coll et al., 2010). Due to the high
biodiversity of the Mediterranean, many habitats and species are
under protective regimes (Council of the European Commission,
1992; IUCN, 2015; UNEP-MAP-RAC/SPA, 1995), justifying the gen-
eration of a network of protected areas as a tool for marine and
coastal ecosystems conservation (Rodríguez-Rodríguez et al., 2016).
The lack of knowledge regarding species and habitat distribution
could, however, compromise the sustainable management of thoseconnected species as a whole. One approach to reducing this un-
certainty is the identiﬁcation of large-scale ecological units that are
more manageable to assist in the management of a bio-
geographically complex region (Gregr et al., 2012; Last et al., 2010).
Notarbartolo di Sciara and Agardy (2010a) established that sub-
dividing the Mediterranean into broadly homogeneous subunits
would help in priority setting and planning formarine conservation
in the region. This division allows the recognition of different parts
of the region, where ecological and abiotic conditions are similar
and the management strategies could also be similar (Howell,
2010).
The Mediterranean has been traditionally divided into two large
subregions (East and West). This division into two ocean basins is,
however, too coarse to detect typologies that inﬂuence species
distribution. In recent years, more detailed classiﬁcations of the
Mediterranean Sea have appeared to solve this issue (Table 1).
Several studies take into account geomorphological and
Table 1
The most widely used classiﬁcations existing in the Mediterranean Sea.
Reference Divisions Criteria
Bianchi 2007 1. Alboran Sea




4. Balearic Sea to
Sardinia Sea
5. Gulf of Lions and
Ligurian Sea
6. Northern Adriatic Sea
7. Central Adriatic Sea
8. Southern Adriatic Sea
9. Ionian Sea
10. Northern Aegean Sea
11. Southern Aegean Sea
12. Levant Sea
13. Straits of Messina
Biogeographic
peculiarities
Spalding et al., 2007 1. Adriatic Sea (30)
2. Aegean Sea (31)
3. Levantine Sea (32)
4. Tunisian Plateau/Gulf
of Sidra (33)
5. Ionian Sea (34)
6. Western
Mediterranean (35)


































Berline et al., 2014 22 regions Oceanographic
distances (dispersal
by ocean circulation)
Rossi et al., 2014 65 provinces with a
larval duration of 30
days and 32 provinces
for a larval duration
of 60 says
Larval dispersal
Gabrie et al., 2012 37 epipelagic regions
(level III)
16 bioregions (level II)
5 bioregions (level I)
Statistical analysis
Nieblas et al., 2014 5 subprovinces Statistical analysis
Reygondeau
et al., 2017
12 epipelagic layers Statistical analysis
Witze 2017 The Ecological Marine Units
(EMU) number 9 and 21
Statistical analysis
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2008; Notarbartolo di Sciara and Agardy, 2010b; Spalding et al.,
2007); however, they have found that regional patterns are
limited to continuous areas, and areas geographically separated but
with similar abiotic conditions cannot be considered to have the
same typology. Recent studies have characterized the Mediterra-
nean provinces according to abiotic variables using statistical
methods to objectively subdivide the area. Some of these classiﬁ-
cations have a clear objective, for example, larval dispersal by
oceanic currents (Berline et al., 2014; Rossi et al., 2014), while
others are broadly oriented, employing a more complete set of́variables (Gabrie
́
et al., 2012; Nieblas et al., 2014; Reygondeau et al.,
2017; Witze, 2017).
These works have included variables related to the abiotic
conditions of the water, providing a wider view of the Mediterra-
nean Sea than biogeographic approaches, which have been
geographically limited to the deﬁnition of regional seas. However, a
comprehensive study also considering meteo-oceanographic
(hereinafter referred to as met-ocean) variables has not yet been
performed. The met-ocean variables (e.g., temperature and sea
surfacewaves) are related to the survival of species, especially ﬂoral
species that support the whole ecosystem. Changes in their distri-
butions will therefore have cascading effects on the rest of the
community. An initial key step for a robust characterization
considering climate features is the use of long temporal data series
from validated sources. Moreover, not only mean values but also
extreme and dispersion information parameters of the variables
may better capture the functioning and evolution of the system.
This approach would allow the detection of boundaries to the
distribution of species in a more reliable way and would allow for
better predictions of changes in species ranges under future climate
conditions.
Therefore, there is a need for a Mediterranean Sea classiﬁcation
that takes into account these aspects and allows homogeneous
areas to be distinguished from an ecological point of view, namely,
one that is linked to species distributions. Nevertheless, the scarcity
and lack of homogeneity in the biological information makes it
difﬁcult to address this perspective. The use of abiotic variables as
surrogates of ecological processes has been shown to be advanta-
geous to resolving this issue (Huang et al., 2015; Juanes et al., 2016;
Last et al., 2010; Ramos et al., 2012; Zacharias and Roff, 2000). For
example, Ramos et al. (2012) established physically homogeneous
coastal zones in the Northeast Atlantic region based on abiotic
variables for the potential distribution of macroalgae. Their results
demonstrated that met-ocean variables are strongly related to
macroalgae distribution; thus, these types of variables can be used
as surrogates of biological information (Ramos et al., 2016b, 2016c,
2014).
The selection of species is also a key step to ensure that they are
representative of the ecosystem. A possible approach is the use of
ecological engineers because they are good indicators of the health
of the ecosystem, such as seagrasses (Roca et al., 2016). Seagrasses
are considered a priority habitat for conservation by the EU Habi-
tats Directive (Council of the European Commission, 1992) because
they are important nursery grounds for a large number of ﬁsh and
invertebrate species, thereby contributing to the maintenance of
marine biodiversity and providing ecosystem services (Duarte et al.,
2013; Green and Short, 2003; Ondiviela et al., 2014).
It is necessary to test whether the abiotic variables considered
can be used as surrogates of selected species distribution; thus, to
verify the suitability of the classiﬁcation, biological data are needed
(Galvan et al., 2010; Ramos et al., 2016a, 2016c, 2014). One of the
main problems encountered in large marine areas is the lack of an
accurate homogeneous cartography. Although the increase in
environmental policies has led to greater efforts in the cartography
of marine communities, most submerged habitat types have not yet
been comprehensively mapped in the entire Mediterranean Sea
(Fraschetti et al., 2008). According to species distribution, the most
endangered species are the best mapped in the Mediterranean Sea,
such as Posidonia oceanica or Cymodocea nodosa (Marba et al.,
2013). Nevertheless, these cartographies are mainly regional and
placed next to the coast and in the supralittoral and intertidal zones
due to the high economic and time costs of sampling in the sub-
littoral zone (Francour, 1997; Sims et al., 2003; Azzellino et al.,
2008; Panigada et al., 2008; Holcer et al., 2013; Belando et al., 2015).
The data must be obtained from the best sources available in the
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sources are usually grouped into three categories: direct observa-
tions, indirect observations using remote sensing devices, and nu-
merical modeling outputs (considered in this work as hindcast and
reanalysis). For direct observations, one of the most traditional
ways to collect abiotic data is through in situ measurements, where
the quality is strongly dependent on the quality of the analysis
results. Despite numerous surveys and observation programs car-
ried out in the Mediterranean, a homogeneous data bank has not
been compiled in a systematic way, mainly because the average
density of the observations is rather low during autumn and winter
and more data are available for the West Basin than for the East
Basin (Brasseur et al., 1996). The growing availability and reliability
of environmental information through remote sensing techniques
in recent years may provide a tool to overcome the limitations of in
situ measurements. Satellite imagery has the advantage of
increasing data collection frequency and expanding areal coverage,
offering repeatable, standardized and veriﬁable information over
various time periods when ﬁeld sampling is not available (de
Barbosa Araujo et al., 2015; Muller-Karger et al., 2005; Turner
et al., 2003). As a complement to these sources, numerical
modeling outputs provide spatially homogenous data at high
spatial and temporal resolution. These datasets historically recon-
struct climate conditions providing long-time series; however, they
should be validated/calibrated against real observations (Reguero
et al., 2012).
The ﬁnal classiﬁcation needs to be objective from a statistical
point of view. The use of statistical tools reduces the level of
subjectivity of the ﬁnal classiﬁcation to meet this requirement
(Huang et al., 2015; Kleisner et al., 2015; Ramos et al., 2012). Such
statistical analyses have been carried out in recent decades using
clustering techniques to deal with the large amount of information
that is grouped using statistical methods. The self-organizing maps
(SOM) and the k-means algorithm are two widely used non-linear
clustering techniques. Camus et al. (2011) proposed an approach
based on a combination of these techniques, and Ramos et al.
(2016b,c) and Galvan et al. (2016) applied this approach on the
north and northwest coasts of the Iberian Peninsula and in a Can-
tabrian estuary, respectively. Using the heuristic formula, quanti-
zation and topographic errors for the selection of the number of
units of the SOM map, objective decision rules can be applied. In
addition, the SOM map has shown the capacity to deal with com-
plex environmental data and is efﬁcient and performs well in
ecological clustering compared with conventional statistical
methods (Gevrey et al., 2003; Ramos et al., 2016c; Worner et al.,
2015). Similar methodologies have been successfully applied to
typify the diatom communities in a Dutch delta and to characterize
the ﬁsh populations in lotic systems in Serbia (Goldenberg Vilar
et al., 2014; Stojkovic et al., 2014).
Bearing in mind the importance of the Mediterranean Sea for
biodiversity conservation, the development of a statistically
objective classiﬁcation should be a cost-effective method to
enhance the policies of environmental management (Last et al.,
2010). Thus, the aim of this work is to establish an objective
Mediterranean Sea classiﬁcation based on biologically meaningful
abiotic variables acquired in a homogeneous way. Additionally, this
study provides the ﬁrst approach to testing the biological relevance
of the selected variables and their parameters in theMediterranean
Sea.
2. Materials and methods
2.1. Study area
The study was conducted in the entire Mediterranean Sea,whose basin is the largest (2969 km2) and deepest (average 1460m,
maximum 5267 m) of the enclosed seas on Earth (Coll et al., 2010).
The Mediterranean is a regional sea located at the crossroads of
Africa, Europe, and Asia. It connects through the Strait of Gibraltar
to the Atlantic Ocean in the west, through the Dardanelles Sea to
the Sea of Marmara and the Black Sea in the northeast, and in the
southeast, the Suez Canal links it to the Red Sea and the Indian
Ocean. The Strait of Sicily divides the Mediterranean Sea into two
main subregions: the West Basin (0.85 million km2) and the East
Basin (1.65 million km2).
To characterize the whole study area, a mesh was deﬁned in the
projected coordinate system ETRS 1989 Zone 30N with a longitude
and latitude separation of 0.5. Coastal zones were detailed with
more deﬁnition (0.125 longitude and latitude) to capture the
variability over the continental shelves. The ﬁnal domain has 1337
grid points.
2.2. Abiotic data
The selection of variables needed is a key step that depends on
the objective and the scale of the work (Juanes et al., 2016). To
deﬁne the set of abiotic variables able to explain the biological
variability of the area, the following criteria were applied: (1) var-
iables should be related to geographical seagrass distribution, (2)
data must be homogeneous in the entire study area and (3) pa-
rameters have to be representative of the Mediterranean Sea con-
ditions. After the development of a sensitivity analysis through
several tests and taking into account the above-mentioned criteria,
the following variables were ﬁnally selected:
- Sea surface temperature (SST). Temperature affects biochem-
ical processes of organisms and determines different physio-
logical responses, including growth rates and sexual
reproduction efforts in seagrasses (Valle et al., 2014).
- Salinity. Due to the Mediterranean Sea characteristics, an
evaporation basin, salinity is a limitation for species because
they have to adapt their survival strategies. Changes in surface
salinity affect the surface layer, where all primary production
takes place (Vuorinen et al., 2015). In the case of seagrasses,
salinity is a major environmental component that can inﬂuence
the structure and function of their communities in some habi-
tats (Nejrup and Pedersen, 2008; Sanchez-Lizaso et al., 2008;
Touchette, 2007).
- Photosynthetically active radiation (PAR). The range of solar
radiation that photosynthetic organisms are able to use is
decisive in their physiology and biomass production (Best et al.,
2001; Riis et al., 2012). However, above certain levels, depending
on the species, radiation can have negative effects on seagrasses
(photoinhibition) (Larkum et al., 2006).
- Signiﬁcant wave height (Hs). Sea surface dynamics strongly
inﬂuence the spatial distribution of seagrasses in exposed or
submerged areas (Jensen and Denny, 2015; Ondiviela et al.,
2014; Valle et al., 2013).
- Depth. Bathymetry provides information on the potential set-
tlement areas of species in relation to the limit of light pene-
tration into the water.
Three main data sources were employed. The salinity concen-
tration was obtained from in situ measurements provided by the
World Ocean Database (WOD) of the National Oceanic and Atmo-
spheric Administration (NOAA)-NESDIS National Oceanographic
Data Centre (NODC) (Levitus et al., 2013). To obtain comparable
measures, the ﬁrst 40 m mean value was employed, since it is the
estimated maximum depth for photosynthetic organisms in the
Mediterranean Sea (Templado Gonzalez, 1995).
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remote sensing, derived from the Sea-viewing Wide Field-of-view
Sensor (SeaWiFS) and the Moderate Resolution Imaging Spectror-
adiometer Aqua (MODIS Aqua) provided by the National Aero-
nautics and Space Administration (NASA) at level 3 (OB.DAAC,
2013). The SST values were supplied by the Operational Sea sur-
face Temperature and sea-Ice concentration Analysis (OSTIA sys-
tem) (Roberts-Jones et al., 2012). This dataset was designed to
provide the best available estimate of the SST from a data assimi-
lation procedure that includes a set of observations (satellites from
infrared, microwave and AVHRR Pathﬁnder and in situ data) and
operational reanalysis.
The sea surface wave dataset was from the Global Ocean Wave
product GOW, developed by IHCantabria (Perez et al., 2017). The
data were generated with a wave generation and propagation
model, and the results were validated with satellite measurements
and in situ buoy records. Bathymetry was obtained from the Na-
tional Geophysical Data Center (National Oceanic and Atmospheric
Administration, NOAA) (Amante and Eakins, 2009).
According to the different spatial resolutions of each dataset
(Table 2), variables were obtained from the nearest available loca-
tion to each grid-point of the deﬁned geographical domain.
Parameters of the selected variables describing the average and
the extreme behavior of the Mediterranean Sea were obtained, and
their mutual inﬂuence was analyzed through Pearson's correlation
coefﬁcient (r < 0.8) (Table 2).2.3. Classiﬁcation
The selected datasets were classiﬁed following themethodology
successfully applied by Ramos et al. (2016a,b,c) and Galvan et al.
(2016): a combination of the clustering techniques self-organizing
maps (SOM) and k-means algorithm. Despite previous works be-
ing restricted to coastal areas, in this study, open seawaters were
also included to ensure the accurate characterization of the whole
Mediterranean Sea. This approach allowed us to account for
biogeographic complexity in a large marine area.
The SOM extracts the patterns of high-dimensional data and
projects them into a bidimensional organized space, allowing an
intuitive visualization of the classiﬁcation and the transformation
of the distributions from the high-dimensional space into proba-
bility density functions on the lattice (Kohonen, 1998). The optimal
map size (number of units) was chosen based on the heuristic
formula proposed by Vesanto et al. (2000), M ¼ 5 ﬃﬃﬃﬃNp , where M is
the number of map units and N is the number of points in themesh.
In addition, quantization and topographic errors were calculated to
support the number of units chosen. Quantization error is a mea-
sure of the map resolution because it is the average distanceTable 2
Data acquisition characteristics for the quantiﬁcation of each environmental variable.
Variables Parameters Source
Salinity Monthly average In situ meas
SST Monthly average OSTIA datas
Annual average of the warmest month
Annual standard deviation
PAR Monthly average Satellite sen
Modis AquaAnnual average of the month with the
highest values
Hs Monthly average Regional hin
Bathymetry (ETOPO1) National Ge
SST, sea surface temperature; PAR, photosynthetically active radiation; Hs, signiﬁcant wa
Administration, NASA, National Aeronautics and Space Administration, OSTIA, Operation
Wave.between each data vector and its best matching unit (Kohonen,
2001). Meanwhile, topographic error measures map quality
because it represents the proportion of all data vectors for which
the ﬁrst and second best matching units are not adjacent (Kiviluoto,
1996). Datasets of the eight abiotic parameters characterizing each
grid-point were used to run the SOM and were subsequently pro-
jected onto a two-dimensional (2D) map. The SOM analysis was
conducted usingMATLAB 8.1 and the SOM coding solution based on
SOM Toolbox for MATLAB 5 (Vesanto et al., 2000). The number of
units obtained with the application of the SOM may be high for a
manageable classiﬁcation. Thus, as the second step of the abiotic
classiﬁcation, the trained map was statistically organized in clus-
ters using the k-means algorithm (Hartigan and Wong, 1979) to
identify similar clusters representing the typologies. K-means is a
nonhierarchical technique that produces clusters deﬁned by a
prototype and includes the samples with a closer distribution to its
prototype. Once the number of clusters is established, the pro-
totypes (centroids) are initialized, and on each iteration, the value
nearest to each centroid is identiﬁed and the centroid is then
redeﬁned as the mean of the corresponding data. The algorithm is
iteratively moved until the intragroup distance is minimal and the
process converges. In this work, the minimum Davies-Bouldin In-
dex was applied between 2 and 10 clusters to determine the best
number of groups (Davies and Bouldin, 1979).2.4. Biological suitability
Four native seagrasses (Posidonia oceanica, Zostera marina, Zos-
tera noltei, Cymodocea nodosa) were selected due to their impor-
tance in the Mediterranean Sea ecosystem. The invasive species
Halophila stipulaceawas also considered to test the ﬁt of non-native
species with the methodology proposed.
Biological data were compiled from the following global data-
bases: Global Biodiversity Information Facility (GBIF) (GBIF, 2013),
Ocean Biogeographic Information (OBIS) (OBIS, 2015) and Towards
COast to COast NETworks project (COCONET, 2016). Filters were
applied to obtain the best biological database. First, only biological
records collected in the same period as the abiotic variables
(1985e2013) were considered to get comparable data. Additionally,
over these data, four experts in seagrasses ecology of the University
of Cantabria were consulted to detect possible mistakes in the
species identiﬁcation or the coordinate system. To conﬁrm or
discard the possible mistakes, literature information was searched
to guarantee the accuracy of the presences (Borum et al., 2004; Di
Martino et al., 2006; Green and Short, 2003). Finally, to avoid
overﬁtting, the data were reduced to only one record per mesh
point. Finally, species information was transformed to the pres-
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spatial distribution according to abiotic classiﬁcation.
3. Results
3.1. Abiotic data
The general trend of salinity was to increase eastward, although
there were some exceptions. In the Aegean Sea, salinity increased
from the north to the south, whereas on the north and west coasts
of the Adriatic Sea, salinity was lower than in other nearshore areas.
In addition, in the Gulf of Lion, some points with high salinity were
observed (Fig. 1).
Regarding the monthly average SST, a clear north-south and
west-east gradient was observed, with the coldest temperatures in
the Alboran Sea and in the north of Algero-Provencal Basin, Tyr-
rhenian Sea, Adriatic Sea and Aegean Sea. In contrast, the highest
values were situated in the east of the Levantine Basin. The pattern
in the annual standard deviation was not so clear. The highest
values were observed in semi-enclosed coastal regions, such as the
Aegean Sea and the Sea of Marmara, the north of the Adriatic Sea
and the Gulf of Gabes. The lowest values were found in the Alboran
Sea and the west of Turkey. The annual average of the warmestFig. 1. Spatial distribution maps of the parameters of the abiotic variables along the Medit
(SST), standard deviation SST, maximum SST. From top right column: average photosynthemonth, August, presented a similar spatial pattern to the average
SST map, with isolated coldest patches (the Alboran Sea, the north
of the Algero-Provencal Basin and the Aegean Sea) and thewarmest
ones in the east of the Levantine Sea, in the Gulf of Sidra and the
north of Sicily (Fig. 1).
As occurred with the average SST, monthly average PAR showed
a clear north-south gradient. Nevertheless, a difference between
basins was found for the June annual average (the month with the
highest PAR values): theWest Basin exhibited lower values, and the
north of the East Basin exhibited higher values (Fig. 1).
As can be expected, signiﬁcant wave height and depth showed a
gradient from coastal areas, where the lowest values were in the
open sea. In general, the western Mediterranean Sea has higher
waves, speciﬁcally over the Balearic Sea located between the
eastern coast of Spain, the southern coast of France, and the islands
of Corsica and Sardinia. Enclosed seas, such as the Adriatic Sea and
the Aegean Sea, exhibited low values. In contrast, the deepest area
of the Mediterranean Sea is in the Ionian Sea (Fig. 1).
3.2. Classiﬁcation
Based on the heuristic formula of Vesanto et al. (2000), the map
size selected was 182 units (13 14 groups). The trained map had aerranean Sea. From top left column: average salinity, average sea surface temperature
tically active radiation (PAR), maximum PAR, average wave height (Hs) and depth.
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unit of the SOM gathered a different number of grid points, with
similar characteristics, preserving neighborhood relationships.
The SST average, SSTmaximum and PAR average showed similar
patterns, with the highest values in the bottom right SOM units and
the lowest values on the opposite side. In addition, the Hs average
and depth had a positive association, with low Hs values in the
shallow areas and the highest values in the deep zones (Fig. 2a).
The Davies-Bouldin Index was calculated for two to ten k-means
clusters, obtaining values between 0.79 and 1.27. The optimal
number of k-means clusters was seven considering the minimum
Davies-Bouldin Index (0.79). The seven typologies in the SOM lat-
tice and over the Mediterranean Sea are shown in Fig. 2. Some
typologies exhibit a non-continuous geographic dispersal due to
the exclusion of abiotic parameters.
The typologies obtained can be classiﬁed in two groups: one
with low radiation, salinity and SST (typologies “Algerian Basin (I),”
“Alboran-Aegean (II),” “North Coast (III)” and “Deep (IV)”) and the
other characterized by saltier and hotter waters (typologies “East
Basin deep (V),” “South East Basin (VI)” and “East Basin coast (VII)”).Fig. 2. (a) Gradient analysis of each abiotic parameter on the trained self-organizing map (SO
obtained typologies in the Mediterranean Sea by the abiotic classiﬁcation (based on SOM a
thetically active radiation; Hs, signiﬁcant wave height; std, standard deviation.Fig. 3 shows the spatial distribution andmultivariate distribution of
the parameters for each typology. However, some differences
among them can be observed:
- Typology I, Algerian Basin: mainly restricted to the open sea in
the West Basin, with low SST, PAR and salinity values. This ty-
pology was deeper andmore exposed than typologies “Alboran-
Aegean (II)” and “North Coast (III)” but less than typology “Deep
(IV).”
- Typology II, Alboran-Aegean: characterized by the inﬂuence of
the cold water entrance with shallower areas, as in the “North
Coast (III)” typology. However, this typology presented more
stable SST and higher Hs and radiation values.
- Typology III, North Coast: encompassed shallow areas with the
lowest values for Hs, radiation, SST and salinity. Nevertheless,
the SST standard deviation was high.
- Typology IV, Deep: the key characteristic of this typology was
the highest depth and Hs. Salinity was low as in previous ty-
pologies, while the values of the other variables were moderate.M). Right down, visualization of the k-means results on the SOM plane. (b) Map of the
nd k-means statistical analyses results). SST, sea surface temperature; PAR, photosyn-
Fig. 3. The spatial distribution and box-plot graphs of the normalised values of the parameters for each typology. The mean value of each parameter is symbolized as a black cross,
while the limits of the rectangle represent the standard deviation range. Hs, signiﬁcant wave height; PAR, photosynthetically active radiation; SST, sea surface temperature; max,
maximum; std, standard deviation.
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diation and salinity with high SST stability stood out as a dif-
ference between typologies “South East Basin (VI)” and “East
Basin coast (VII).” Another remarkable characteristic of this ty-
pology with regard to other similar typologies (“South East
Basin (VI)” and “East Basin coast (VII)”) was its great depth.
- Typology VI, South East Basin: the main difference from ty-
pologies “East Basin deep (V)” and “East Basin coast (VII)” wasthat it encompassed the shallowest points. The main similarity
with them was the high values of radiation and temperature.
This typology was characterized by being exposed.
- Typology VII, East Basin coast: this typology was the shal-
lowest and themost shelteredwithin the East Basin. Salinity and
temperature were also higher than in the typologies “East Basin
deep (V)” and “South East Basin (VI)”.
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Data on the presence of seagrasses in the Mediterranean Sea
compiled from the sources described in the section “2.4 Biological
suitability” are shown in Fig. 4 for each species separately.
The total and relative frequency values for each species over the
SOM units and the k-means clusters are shown in Fig. 5, illustratingFig. 4. The spatial distribution of the seagrasses considered along the Mediterranean
Sea.
Fig. 5. (a) Visualization of the total frequency of mesh points cover of seagrasses
considered (light ¼ low frequency, dark ¼ high frequency). (b) Bar graph for
normalized relative frequency values of each species for each typology.their preferences.
In general, the classiﬁcation was in agreement with the
ecological requirements of the considered seagrasses. The coastal
typologies (“North Coast (III)”, “Alboran-Aegean (II)” and “East
Basin coast (VII)”) had the highest frequencies according to the
seagrass preference in shallow areas. The results showed the
highest frequency of typology “North Coast (III)”, which had
shallow points with colder waters and less radiation and salinity
than the “East Basin coast (VII)” typology. It was also characterized
by a shorter wave height than the “East Basin Coast (VII)”. The high
frequency of the invasive seagrass H. stipulacea compared to the
other species was remarkable for the “East Basin coast (VII)” ty-
pology. This typology was mainly conﬁned to the East Basin with
the highest values of the maximum SSTand radiation. However, the
frequency of the invasive species was lower than that of the other
seagrasses, with the exception of Z. noltei, in the typology “Alboran-
Aegean (II)”, characterized by cold waters and intermediate values
of wave height, radiation and salinity. Regarding native species,
P. oceanica, Z. marina and C. nodosa exhibited a higher preference
for typologies II and VII than Z. noltei, while in the typology “North
Coast (III)”, the trend was the opposite. The main difference be-
tween these typologies is that “North Coast (III)” presented higher
SST standard deviation and lower salinity, radiation and signiﬁcant
wave height values. The typologies where seagrasses showed low
frequency (“Algerian Basin (I)”, “Deep (IV)”, “East Basin deep (V)”
and “South East Basin (VI)”) were characterized by highly signiﬁ-
cant wave height or depth values. Thus, regarding the seagrass
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were in agreement with the deﬁned typologies.
4. Discussion
The results presented in this work conﬁrm the ability of the
proposed methodology to classify the main regions in the Medi-
terranean Sea, taking into account its ecological relevance for sea-
grasses. This approach allows to the detection of areas linked by
biological requirements, even if they are geographically separated.
4.1. Abiotic data
The quantiﬁcation of variables and their parameters in a stan-
dardized fashionwith the required resolution is a key step achieved
with the use of remote sensing and numerical modeling datasets.
These datasets provide continuous and uniform information
throughout the study area (Devred et al., 2007; Gregr and Bodtker,
2006; Ramos et al., 2016c, 2012; Turner et al., 2003). Therefore, the
suitability of the procedure used in this work to characterize the
coastal and open waters of a broad area is demonstrated, showing
similar patterns to the results obtained in other studies.
The general pattern of increasing the annual average salinity
eastwardwith a mean value in theWest Basin of 36.2‰ and of 39‰
in the East Basin, described by other studies (Coll et al., 2010;
European Environment Agency (EEA), 2002; Lacoue-Labarthe
et al., 2016), is also reﬂected in this work. In addition, the docu-
mented exceptions to this pattern, such as the freshwater inﬂuence
of the Black Sea in the Aegean Sea and the entrance of less salty
waters through the Strait of Gibraltar from the Atlantic Ocean, are
captured in the present study (Coll et al., 2010; Georgiou et al.,
2015; Poulos and Collins, 1997; Rodríguez, 1982). Furthermore,
the results provide evidence of the ability of selected sources to
detect local processes, as for the Po River ﬂume on the north and
west coast of the Adriatic Sea, where salinity is lower than in
neighboring areas (Falcieri et al., 2013). In addition, the presence of
saltier and colder waters in the Gulf of Lion is in agreement with the
ﬁndings of other authors (Millot, 1999; Sarda et al., 2004). These
conditions are due to the inﬂuence of the Mistral, a strong, dry and
cold northwesterly wind that blows from southern France, favoring
evaporation and the loss of heat.
Concerning the average SST values, the previously described
pattern of cold water entering from the Atlantic and warming up
towards the east is also in agreement with our results (Brasseur
et al., 1996; Coll et al., 2010; Lacoue-Labarthe et al., 2016; Rodrí-
guez, 1982). The approach described in this study is also able to
detect the upwelling zones (the Aegean Sea and the north of the
Adriatic Sea), where variability is high, as can be expected due to
the characteristics of this phenomenon, which implies that colder
water from the bottom moves towards the ocean surface (Marba
et al., 2015; Rodríguez, 1982). This work also detects the inﬂuence
of the thermocline, which is less structured during summer than in
winter. As a result, the exchanges that occur during the warmest
months may result in severe local variations, as seen in the pres-
ence of patches in the maximum SST distribution (Marba et al.,
2015).
The incident radiation trend is in agreement with the latitudinal
gradient north to south. Nevertheless, for the maximum PAR, the
gradient is mainly longitudinal, with lower values in theWest Basin
and higher radiation in the East Basin. Although it has not been
possible to ﬁnd previous studies of PAR distribution in the Medi-
terranean Sea, these results can be explained by the work of Bat-
Oyun et al. (2012), who established the inﬂuence of different fac-
tors on photosynthetically active radiation. Within these factors, a
notable possibility is that the African dust during dry months in thearea modiﬁes the general pattern (Bergametti et al., 1992).
The overall patterns in wave energy are in agreement with the
water depth, as they are strongly related to coastal points and
enclosed seas (Adriatic Sea or Aegean Sea). As described by Cavaleri
et al. (2004), the shelf causes less energetic waves, whereas in
deeper areas, such as the Algerian and the Ionian basins, the bottom
does not limit wave height.
Despite the close agreement of the characterization of the
Mediterranean Sea with previous works, some questions require
further development. It would be more precise to consider other
key variables for species distribution, such as the substrate char-
acteristics (Roff and Taylor, 2000; Templado Gonzalez, 1995) or the
use of bottom shear stress as a measure of the energy of the system
(Tomas et al., 2012). Likewise, the parameters considered must be
studied in detail to select those that best explain the biological
behaviors of species. In this work, the average, maximum and
minimum values are used, but it would be interesting to consider
the use of parameters that are critical for certain species, such as
the number of days in a year that some values are exceeded or the
interannual variability of events (Jensen and Denny, 2015; Sanchez
Lisazo, 1993; Unsworth et al., 2015). This approach will allow im-
provements in the power of using abiotic variables as surrogates for
species distribution (Seabra et al., 2015), taking into account the
met-ocean variables (Puente et al., 2017).
4.2. Classiﬁcation
The results presented in this work provide evidence for the
suitability of the methodological approach to obtain subdivisions
for the entire Mediterranean Sea based on accurate and homoge-
neous abiotic data through the application of a combination of
clustering techniques (SOM and k-means). This framework has
been successfully applied by Ramos et al. (2016c) and Galvan et al.
(2016) for regions with different met-ocean conditions.
This combination of clustering techniques represents a consid-
erable improvement compared with the classiﬁcations that
consider only the k-means algorithm (Gabrie
́
et al., 2012) but at the
same time, the methodology is less complex than those presented
by other authors (Nieblas et al., 2014; Reygondeau et al., 2017)
while also providing good results and easier application.
The typologies obtained were able to depict the general patterns
described in the Mediterranean Sea and to detect the main differ-
ences between areas. The water-mass exchange barrier existing in
the Strait of Sicily (Bonanno et al., 2014; Giaccone and Sortino,1974;
Micheli et al., 2005; Rodríguez, 1982) is clearly distinguished in this
work, which supports the ability of the proposed methodology to
detect oceanographic differences among the obtained typologies.
Therefore, typologies “Algerian Basin (I)”, “Alboran-Aegean (II)”,
“North Coast (III)” and “Deep (IV)” can be recognized as represen-
tative of the West Basin because they present colder and less salty
waters. In contrast, typologies “East Basin deep (V)”, “South East
Basin (VI)” and “East Basin coast (VII)” depict the East Basin char-
acteristics, with hotter and saltier waters and higher radiation. In
addition to this distinction, the classiﬁcation obtained has been
proven to detect one of the most determinant factors in seagrass
survival, depth as a surrogate of light availability. Through this
differentiation, coastal areas mainly include the typologies “North
Coast (III)”, “East Basin coast (VII)”, “Alboran-Aegean (II)” and
“South East Basin (VI)”; meanwhile, the deepest areas are included
in the typologies “Deep (IV)” and “East Basin deep (V).” In each of
the aforementioned groups (West and East Basins), one of the ty-
pologies is characterized by encompassing sheltered points, the
typology “North Coast (III)” in the West Basin and the typology
“East Basin coast (VII)” in the East Basin. Existing studies have
shown that wave energy is a determining factor in the spatial
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differentiation of these areas from the exposed areas supports the
robustness of the methodology used in this study. In addition, the
typology “North Coast (III)” is linked to upwelling areas, as the high
SST variation reﬂects. The salinity of this typology is the lowest,
related to rivers with high ﬂows in the northwest of the Adriatic Sea
and the Gulf of Lion (Po: 1540 m3/s and Rhone: 1710 m3/s,
respectively). In the Aegean Sea, the inﬂuence of the Black Sea
water is observed in the salinity values (Falcieri et al., 2013).
The main typologies recognized in this study differed from the
geographical limits established in previous classiﬁcations (Bianchi,
2007; Notarbartolo di Sciara and Agardy, 2010a; Spalding et al.,
2007). These subdivisions were established based on geomorpho-
logical and biogeographic features, while we consider met-ocean
variables. As a result, the proposed classiﬁcation, despite not hav-
ing as clear of boundaries as previous classiﬁcations, reﬂects
possible links between areas geographically separated but ecolog-
ically related, such as the Alboran Sea and the Aegean Sea or the
southern Algerian Basin and the Ionian Sea. Some of these differ-
ences are motivated by the inclusion of key variables for species not
considered in similar studies (Gabrie
́
et al., 2012; Nieblas et al.,
2014; Reygondeau et al., 2017) such as signiﬁcant wave height or
photosynthetically active radiation, which clearly inﬂuence species
distributions. In addition, the use of extreme and variable param-
eters considered in this work is remarkable due to their importance
in the deﬁnition of species thresholds (Makino et al., 2015). This
feature allows the characterization of the Mediterranean processes
in a more reliable way by taking into consideration the relation-
ships between geographically separated areas.
4.3. Biological suitability
In general, the analysis of taxa and their frequency over typol-
ogies conﬁrm the biological relevance of the methodology with
respect to seagrass distribution. The ability of the methodology to
explain the seagrasses distribution and to distinguish between
species requirements allows its use as a powerful tool to manage
large regions.
P. oceanica is mainly present in the typologies “North Coast (III)”
and “Alboran-Aegean (II)”. It is also present in the typology “East
Basin coast (VII)” but with a marked decrease in frequency. This
ﬁnding is consistent with its ecology because they are coastal ty-
pologies (Luque and Templado Gonzalez, 2004; Marín-Guirao et al.,
2011; Short et al., 2007; Templado Gonzalez, 1995) with a tem-
perature range that is in agreement with P. oceanica requirements
(Bay, 1984; Larkum et al., 2006). Concerning salinity, the typologies
“Alboran-Aegean (II)” and “North Coast (III)” present an average
value of 37.81‰, which is in agreement with the optimum of 38‰
described by Sanchez-Lizaso et al. (2008). Despite being a steno-
haline species, P. oceanica is present in the typology “East Basin
coast (VII)”, where values are higher (average salinity of 38.56‰)
but are under the threshold of damage and in the range established
by other authors (Larkum et al., 2006; Telesca et al., 2015).
The frequency of occurrence of Z. marina in the typologies
“North Coast (III)”, “Alboran-Aegean (II)” and “East Basin coast
(VII)” is very similar to that of P. oceanica, with a clear preference for
coastal typologies, as it is located from the intertidal zone to a few
meters deep (Green and Short, 2003), within the range of tem-
peratures common in these typologies (Lee et al., 2007; Nejrup and
Pedersen, 2008). The obtained classiﬁcation is able to distinguish
the preference of Z. marina for settlement locations that can exist in
areas with a wider range of hydrodynamism than P. oceanica,
forming vast meadows in sheltered areas and isolated patches in
exposed ones (Ondiviela et al., 2005; Short et al., 2010a). In theMediterranean Sea, Z. marina is considered a relict species, seem-
ingly rare in the eastern part (Borum et al., 2004; Green and Short,
2003), which explains its presence in typologies with a salinity
higher than its tolerance range of 5‰e35‰ (Short et al., 2010a).
In theMediterranean, Z. marina co-occurs with Z. noltei, which is
reﬂected in the classiﬁcation obtained because both species are
present in the same typologies but with some differences in fre-
quency. Z. noltei shows a clear preference for the typology “North
Coast (III)” because this species can occur from mesohaline to
euhaline environments (Fernandez-Torquemada and Sanchez-
Lizaso, 2011; Luque and Templado Gonzalez, 2004; Short et al.,
2010b) and is adapted to colder waters than P. oceanica (Peralta,
2000).
The classiﬁcation shows the overlap in C. nodosa, H. stipulacea
and P. oceanica niches because they are present in the same ty-
pologies with some speciﬁcities. Meanwhile, C. nodosa usually
forms mixed meadows with P. oceanica because their ecological
requirements are very similar (Perez and Romero, 1994). The origin
of H. stipulacea, a lessepsian species, determines that it most
commonly occurs in areas with characteristics similar to those of
the Red Sea. C. nodosa is considered a pioneer species; thus, its
ranges of tolerance are wider than in other species, as illustrated by
the typologies where it is present (Borum et al., 2004; Chefaoui
et al., 2016; Fernandez-Torquemada and Sanchez-Lizaso, 2011;
Olsen et al., 2012).
The alien seagrass H. stipulacea has the highest relative fre-
quency in the typology “East Basin coast (VII)”, with a primary
presence in the East Basin because it entered the Mediterranean
Sea through the Suez Canal. Therefore, the typological character-
istics are in agreement with the ecology of H. stipulacea, whose
optimal temperature is very similar to the mean value of the ty-
pology “East Basin coast (VII)” (21.5 C vs 21.03 C) (Gambi et al.,
2009; Short et al., 2010c), and the species copes well with the
high salinity of this typology (Lipkin, 1975). Despite this agreement
with the typology “East Basin coast (VII)”, due to its migrant nature,
H. stipulacea tolerates a wide range of environmental conditions
(Otero et al., 2013), which explains its presence in other typologies,
especially in “North Coast (III)”.
Although in this work seagrasses have been considered, the
proposed methodology could be applied also to other ﬂora or ani-
mal species by adjusting the input variables and parameters. For
example, taking into account the spatial distribution of the shark
Cetorhinus maximus, according to the databases of the Materials
and methods section, it can be observed its preference for the
“North Coast (III)” typology, which is in agreement with the
behaviour of this ﬁsh, which moves to shallow depths between
0 and 20 m during part of the day to feed on zooplankton Calanus
helgolandicus (Sims et al., 2005). Additionally, basking shark prefers
cold waters with high variability (Cotton et al., 2005), which
characterizes this typology.
Our results showa general agreement of the typologies obtained
with the considered seagrass ecology, which constitutes a very
interesting ﬁnding for marine areas management However, only
presence data have been considered, meanwhile it will be neces-
sary to have quantitative information and absence data to reach a
complete validation. Besides the survey effort in the Mediterranean
Sea to map the species presence is not the same in the two basins,
and the understanding of their responses to environmental vari-
ables and their tolerance thresholds is far from complete (Marba
et al., 2015). Therefore, there remains insufﬁcient knowledge on
species encompassing their entire distributional range and their
ecology and a complete biological validation of the classiﬁcation is
required.
C.F. de la Hoz et al. / Journal of Environmental Management 205 (2018) 59e72 695. Conclusions
In conclusion, the methodology applied in this work is able to
classify the whole Mediterranean Sea in an unbiased manner into
biologically relevant typologies, enabling the identiﬁcation of areas
geographically separated but important for species distribution.
This approach supports the link between met-ocean variables and
species distribution and the importance of including them in
ecological modeling. Additionally, this study shows the suitability
of the selected clustering methods for grouping abiotic data from
reliable sources, which provides an objective procedure for the
classiﬁcation of large areas and its use as surrogates of species
distributions.
According to our results, seven areas can be recognized in the
Mediterranean Sea. The obtained typologies are able to recognize
the oceanographic barrier in the Strait of Sicily and to cluster the
results into two groups: one for typologies “South East Basin (VI)”,
“East Basin deep (V)” and “East Basin coast (VII)” and the other for
typologies “Algerian Basin (I)” and “North Coast (III)”, with differ-
ences clearly marked by temperature, salinity and radiation. Within
this grouping, it is possible to distinguish coastal (typologies
“Alboran-Aegean (II)”, “North Coast (III)”, “South East Basin (VI)”
and “East Basin coast (VII)”) and deep areas (typologies “Algerian
Basin (I)”, “Deep (IV)” and “East Basin deep (V)”). The inﬂuence of
river discharges and the entrance of water from other seas are also
reﬂected in typologies “North Coast (III)” and “Algerian Basin (I)”,
respectively.
From a biological point of view, the typologies obtained are
consistent with the distribution and ecological requirements of the
considered seagrasses. Therefore, the link between surrogates and
targets can be considered strong. As can be expected, seagrasses
show a clear preference for coastal sites, with different frequencies
according to their ecology.
The applications of this approach are broad because obtaining
spatially and temporal homogeneous abiotic data is easier than a
biological approach. Therefore, this approach provides a powerful
tool for managers to attain ecosystem-based conservation of
coastal and marine waters. Once the present classiﬁcation and its
relationship with species are known, it will be possible to develop
hypotheses about changes in the distribution of Mediterranean Sea
species due to global warming (Lacoue-Labarthe et al., 2016), which
could support the sustainable management of marine biodiversity.
Although requiring further development, the results presented
here show the ecological value of the classiﬁcation obtained with
the target species and, consequently, the ability of themethodology
proposed to deﬁne typologies with biological implications in large
areas using abiotic variables as surrogates of biological data. This
approach constitutes a powerful tool for managing these zones.
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1. INTRODUCTION 
This document is conceived as a guide to use the Open access database on Climate 
change Effects on Littoral and oceanic Ecosystems (OCLE) website 
(http://ocle.ihcantabria.com/). OCLE is an ecological-driven database of present 
and future hazards for marine life in Europe and synthetic information on species 
distribution. It includes marine dynamics variables and the novelty of the bottom 
shear stress for the whole Europe. Besides its spatial and temporal resolution is 
enough to assess parameters relevant to the species distribution. On the other 
hand, data for several characteristic macroalgae taxa is available along the N and 
NW Iberian Peninsula. Accuracy of both physical and biological data lies in the 
quality control processes and the homogeneity of the methodology established to 
build the data set. 
The manual is organized as the website sections to make easy its interpretation. 
Please cite the data as indicated: 
de la Hoz, C.F., Ramos, E., Acevedo, A., Puente, A., Losada, I.J. & Juanes, J.A., 
2018. OCLE: a European open access database on climate change effects on 
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2. BASIC CONCEPTS 
2.1. Significant wave height (Hs) 
In a group of N wave heights measured at a point and ordered from the largest to 
the smallest, Hs is defined as the average of the first (highest) N/3 waves (Dean 
& Dalrymple, 1991). 
2.2. Bottom shear stress 
According to Soulsby et al. (1993), the bottom shear stress can be understood as 
the force of friction from the interaction of waves and currents acting on the bed 
on the sea. 
2.3. Representative Concentration Pathway (RCP) 
For the 21st century different pathways of greenhouse gas emissions and 
atmospheric concentrations, air pollutant emissions and land-use have been 
developed (IPCC, 2014). The RCPs include a stringent mitigation scenario 
(RCP2.6), two intermediate scenarios (RCP4.5 and RCP6.0), and one scenario with 
very high greenhouse gas emissions (RCP8.5). Scenarios without additional efforts 
to constrain emissions (“baseline scenarios”) lead to pathways ranging between 
RCP6.0 and RCP8.5. In OCLE, RCP4.5 has been included as an optimistic scenario 
and RCP8.5 as a pessimistic one. 
2.4. Sea level 
In OCLE it was considered the reference sea level of the historical period as 0, 
therefore, for the projected scenarios the predicted meters of rise are specified, 
according to Slangen et al. (2014). 
2.5. Parameter: intertidal or subtidal 
In biological contents, Parameter indicates the vertical zonation of macroalgae. 
The intertidal zone is submersed and emerged periodically due to tides. The 
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3. METHODOLOGY 
3.1. Physical data 
Regarding physical data, please refer to the Materials and Methods section of de 
la Hoz et al. (2018). 
3.2. Biological data 
Biological data has been obtained from the following original IHCantabria works 
(PhD thesis, Technical Reports, etc): 
− Juanes, J.A., Gutiérrez, L. (1992). Cartografía y evaluación de biomasa de 
Gelidium sesquipedale (Clem). Born. et Thur. en la costa oriental de 
Cantabria (N. de España). Scientia Marina, 166, 1-22. 
− Juanes, J.A., Gutiérrez, L., Puente, A. (1991). Seguimiento y control de los 
campos de interés comercial de Gelidium sesquipedale en la costa 
occidental de Cantabria, Universidad de Cantabria - Fundación Leonardo 
Torres Quevedo. Informe inédito. 
− UC (2005). Trabajos efectuados en el convenio para el "Desarrollo de 
diversos programas de actuación encaminados a corregir los efectos de los 
vertidos de fuel procedentes del buque Prestige en las costas de Cantabria". 
Documentos I a VIII. Universidad de Cantabria - Gobierno de Cantabria. 
Santander. 
− IHCantabria (2008). Desarrollo de una metodología para la evaluación del 
estado de las aguas superficiales del entorno de afección de los 
saneamientos litorales. Aplicación a los saneamientos litorales de la 
Confederación Hidrográfica del Norte. Informe inédito. Convenio CEDEX-
UC. 
− Juanes, J.A., Guinda, X., Puente, A., Revilla, J.A. (2008). Macroalgae, a 
suitable indicator of the ecological status of coastal rocky communities in 
the NE Atlantic. Ecological Indicators, 8, 351–359. 
− Guinda, X., Juanes, J.A., Puente, A., Echavarri-Erasun, B. (2012). Spatial 
distribution pattern analysis of subtidal macroalgae assemblages by a non-
destructive rapid assessment method. Journal of Sea Research, 67, 34-43. 
− IEO, Ministerio para la Transición Ecológica (2012). Evaluación inicial 
Estrategia Marina: Ecocartografías macroalgas. 
− De Ugarte, A. (2012). Adding value to historical underwater video data for 
the study of subtidal macroalgae communities. Tesina de Máster Oficial en 
Gestión Ambiental de Sistemas Hídricos (Universidad de Cantabria). 
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− Guinda, X., Juanes, J.A., Puente, A. (2014). The CFR index: A validated 
method for the assessment of macroalgae according to the European Water 
Framework Directive. Marine Environmental Research, 102, 3-10. 
− Ramos, E., Puente, A., Juanes, J.A. (2016). An ecological classification of 
rocky shores at a regional scale: a predictive tool for management of 
conservation values. Marine Ecology, 37, 311–328. 
− Ramos, E., Puente, A., Guinda, X., Juanes J.A. (2017). A hierarchical 
classification system along the NE Atlantic coast: focusing on the local scale 
(Cantabria, N Spain). European Journal of Phycology, 52 (1), 75-89.  
− IHCantabria (2008-2018). Análisis histórico de comunidades de 
macroalgas en La Arnía (Cantabria).  
The general methodology applied to obtain the final data visualized in OCLE is 
summarized in the following steps: 
1. To filter data by the selected characteristic taxa. 
2. To group data by season and year. 
3. To join data to the nearest point of OCLE mesh and to count number of 
records (i.e. number of presences of each taxa from the different works 
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4. OCLE WEBSITE 
The OCLE website (http://ocle.ihcantabria.com/) is divided in the following 
sections: 
4.1. Home 
The description of the project and its objectives are described in this section. 
4.2. Contents 
Physical data are available in this section.  
4.2.1. Physical 
Data selection 
The first step for data selection is the selection of the period, the variable and the 
parameter of interest, within the options in the drop-down menu (Fig. 1). 
By clicking on Search, all datasets available appear. It is possible to filter the 
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Fig. 1. Physical data selection in OCLE website. 
 
Data exploration 
The selected datasets can be visualized and explored by clicking in Add to maps 
button (Fig. 2). It is possible to add until six maps each time that can be combined 
of different parameters and variables. In these maps it is possible to get the value 
of each mesh point interactively (Fig. 3). Besides, to make easier the comparison 
of the maps, when the frame of a map is changed by the user, all maps change at 
the same time. 
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Fig 2. Add to maps the datasets selected 
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A map can be deleted by clicking the X in the upper right corner (Fig. 4). 
 
Fig. 4. Delete a map 
 
Data filtering 
To avoid computational overcharges, data can be spatially filtered by clicking in 
the Download by Area button in the exploration screen (Fig. 5). 
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This filter can be applied in the following ways: 
➢ By extent 
User can introduce the coordinates of interest in decimal degrees in the datum 
WGS84 (Fig. 6) by selecting the By extent button. 
 
Fig 6. Selection by extent 
 
➢ By MSFD regions 
The Marine Strategy Framework Directive (MSFD) regions (European Commission, 
2008) are predefined, therefore is possible to select the mesh points that overlap 






Bay of Biscay and the Iberian Coast 
Black Sea 
Black Sea – Sea of Azov 
Black Sea – Sea of Marmara 
Celtic Seas 
Greater North Sea, incl. the Kattegat and the English Channel 
Ionian Sea and the Central Mediterranean Sea 
Macaronesia 
Western Mediterranean Sea 
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Fig 7. Selection by MSFD regions 
 
Data download 
Data can be downloaded in three ways: 
1. All the results for a search by clicking in the download button without 
selecting any dataset. A different file is generated for each dataset in the 
whole mesh (Fig. 8). 
 
Fig 8. Download all datasets 
 
2. The selected datasets in the whole mesh. By clicking in the download 
button, before or after adding to a map (Fig. 9). 
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Fig 9. Download of selected datasets for the whole mesh without adding to a map (upper 
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3. The selected datasets spatially filtered. 
The datasets filtered by extent, MSFD regions or the coastal points can be 
downloaded only for the selected area, using the download button (Fig. 
10). 
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➢ Data format 
Data are in longitude/latitude coordinate reference system (not projected; decimal 
degrees) and the datum is WGS84. 
Units for different variables are shown in Table 1. 
Table 1. Variables included in OCLE with their short name and the corresponding units. 
 
Variable Short name Units 
Sea surface temperature SST ºC 
Significant wave height Hs m 
Attenuation coefficient Kd m-1 
Nitrate Nit mol/m3 
Salinity Sal psu 
Air temperature AT ºC 
pH pH  
Wind speed Ws m/s 
Tidal range TR m 
Sea level gost m 
Radiation rss W/m2 
Shear stress Tmax N/m2 
Bottom orbital speed Urms m/s 
Currents Uw m/s 
Bathymetry  m 
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➢ File Name 
The data are stored in ZIP (compressed) files. The ZIP files have names like 
N_V_T_P_Y-S.ZIP, where each letter indicates: 
N -> internal number 
V -> variable (with its short name)  
T -> temporal period (historical or projected) 
P -> parameter according to Table 3 alias 
Y -> five years period of data 
S -> season (winter was defined as January-February-March, spring as April-May-
June, summer as July-August-September and autumn as October-November-
December) 
 
Table 3. Parameters included in OCLE with their associated short names. 




Percentile 10 P10 
Percentile 25 P25 
Percentile 50 P50 
Percentile 75 P75 
Percentile 90 P90 
Range RG 
Standard deviation STD 
Number of 
consecutive days 
over the percentile 




consecutive days of 
shear stress over 
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➢ File format 
OCLE data is downloaded in comma-separated values format (.csv) with the 
following fields (Fig. 11): 
id -> internal identifier 
longitude -> longitudinal degrees EPSG projection 4326 WGS 84 
latitude -> latitudinal degrees EPSG projection 4326 WGS 84 
type -> internal parameter 
result -> variable value 
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➢ Data use 
The OCLE data can be easily imported into most GIS applications.  
QGIS 
Here is some help as an example in QGIS: 
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Fig. 12. Example of steps to follow in QGIS. 
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ARCGIS 
In ArcGis the process to follow is detailed below: 
After loading the file, show XYData. 
 
Fig. 13. Show XYData. 
 
Define the fields, X, Y and result and the coordinate system (WGS84). 
 
Fig. 14. Definition of fields. 
 
Export the data as shapefile 
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Fig. 15. Export the data as shapefile. 
 
Save in the desired directory and load in the map: 
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R software 
Data can be also read with R software (R Core Team, 2018). To facilitate data 
processing, a script is provided in OCLE website to transform data from .csv format 
to shapefile FromCsvToShp.R. The code is detailed below: 
# FromCsvToShp 






# Load the data 
Data <- read.csv('2449_SST_Historical_P75_1985_1989-Summer.csv', header = T, sep = ';') 
class(Data) 
# [1] "data.frame" 
# Convert to SpatialPointsDataFrame 
coordinates(Data)= c('longitude','latitude') 
class(Data) 
# [1] "SpatialPointsDataFrame" 
# attr(,"package") 
# [1] "sp" 
# Define the coordinate system 
proj4string(Data) = CRS('+proj=longlat +datum=WGS84 +no_defs +ellps=WGS84 +towgs84=0,0,0') 
# Save as shapefile 
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4.2.2. Biological 
Data selection 
The first step for data selection is the selection of the period, the taxa and the 
parameter of interest, within the options in the drop-down menu (Fig. 17). 
By clicking on Search, all datasets available appear. It is possible to filter the 
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Fig. 17. Physical data selection in OCLE website. 
➢ Data exploration 
C.f. physical data exploration. 
➢ Data download 
C.f. physical data download. 
➢ Data format 
Data are in longitude/latitude coordinate reference system (not projected; decimal 
degrees) and the datum is WGS84. 
Units for different taxa is No. of records. 
➢ File Name 
The data are stored in ZIP (compressed) files. The ZIP files have names like 
N_Ta_Te_P_Y-S.ZIP, where each letter indicates: 
N -> internal number 
Ta -> taxa  
Te -> temporal period (historical or projected) 
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P -> parameter (INT: intertidal, SUB: subtidal) 
Y -> year of data 
S -> season (winter was defined as January-February-March, spring as April-May-
June, summer as July-August-September and autumn as October-November-
December) 
➢ File format 
OCLE data is downloaded in comma-separated values format (.csv) with the 
following fields (Fig. 18): 
id -> internal identifier 
longitude -> longitudinal degrees WGS 84 
latitude -> latitudinal degrees WGS 84 
type -> internal parameter 
result -> number of records 
 
Fig. 18. Example of download file. 
➢ Data use 
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4.3. About 
4.3.1. Datasets 
This subsection includes an abstract of the work, the metadata in the Ecological 
Metadata Language format (Michener, Brunt, Helly, Kirchner, & Stafford, 1997) 
and the acknowledgements to the institutions that provide the raw data. 
4.3.2. Citation 
Here is provided the citation of the work in case some data were used for 
publication, the link to the paper were the database is detailed and the email to 
ask for the pdf. 
4.3.3. Contact 
E-mail to contact with developers. 
4.3.4. Licence 
In this subsection the licence and terms of use of the data can be read. It is 
mandatory for all OCLE users to read the license. Any question can be consulted 
by e-mail. 
4.3.5. Disclaimer 




OBSERVATORY OF CLIMATE CHANGE EFFECTS ON LITTORAL ECOSYSTEMS (OCLE) 
MANUAL 
 
- 26 - 
REFERENCES 
 
de la Hoz, C. F., Ramos, E., Acevedo, A., Puente, A., Losada,  íñigo J., & Juanes, J. A. 
(2018). Ocle: a European Open Access Database on Climate Change Effects on Littoral 
and Oceanic Ecosystems. Progress in Oceanography, 168, 222–231. 
doi:10.1016/j.pocean.2018.09.021 
Dean, R. G. (Robert G., & Dalrymple, R. A. (1991). Water wave mechanics for engineers 
and scientists. World Scientific. 
European Commission. Directive 2008/56/EC of the European Parliament and of the 
Council of 17 June 2008 establishing a framework for community action in the field of 
marine environmental policy (Marine Strategy Framework Directive), 164 Official 
Journal of the European Communities § (2008). 
IPCC. (2014). Climate Change 2014: Synthesis Report. Contribution of Working Groups I, 
II and III to the Fifth Assessment Report of the Intergovernmental Panel on Climate 
Change. [Core Writing Team, R.K. Pachauri and L.A. Meyer (eds.)] Geneva, 
Switzerland. 
Michener, W. K., Brunt, J. W., Helly, J. J., Kirchner, T. B., & Stafford, S. G. (1997). 
Nongeospatial metadata for the ecolgical sciences. Ecological Applications, 7(1), 330–
342. doi:10.1890/1051-0761(1997)007[0330:NMFTES]2.0.CO;2 
R Core Team. (2018). R: A language and environment for statistical computing. Vienna, 
Austria: Computing, R Foundation for Statistical. Retrieved from http://www.r-
project.org 
Slangen, A. B. A., Carson, M., Katsman, C. A., van de Wal, R. S. W., Vermeersen, L. L. A., 
& Stammer, D. (2014). Projecting twenty-first century regional sea-level changes. 
Climatic Change, 124, 317–332. doi:10.1007/s10584-014-1080-9 
Soulsby, R. L., Hamm, L., Klopman, G., Myrhaug, D., Simons, R. R., & Thomas, G. P. 
(1993). Wave-current interaction within and outside the bottom boundary layer. 















































































































































































































2. TR_mean (22.29) 
3. Bathy (19.17) 
4. Tm_min_f (5.74) 
5. SST_rg_w (4.37) 
6. Uw_max_f (4.02) 
7. Nit_rg_w (3.56) 
8. SST_rg_sp (3.20) 
9. Hs_rg_w (3.17) 
10. Kd_min_f (3.04) 
11. pH_rg_w (2.78) 
12. Rss_rg_s (2.72) 
1. SST_rg_s (16.13) 
2. Bathy (13.45) 
3. SST_rg_sp (9.67) 
4. pH_mean_f 
(9.23) 
5. pH_rg_w (8.48) 
6. Rss_rg_w (7.13) 
7. sub (5.14) 
8. SST_Days (4.62) 
9. SST_rg_w (4.40) 
10. Sal_rg_f (3.86) 
11. Nit_rg_w (3.84) 
12. pH_rg_sp (3.26) 
13. Ws_std_f (3.19) 
14. Ws_min_s 
(2.95) 
15. Rss_rg_s (2.62) 
16. Uw_P75 (2.02) 
1. Uw_P75 (17.39) 
2. TR_mean (15) 
3. pH_rg_sp (8.13) 
4. pH_rg_w (5.51) 
5. bathy (5.25) 
6. Rss_rg_s (4.82) 
7. sub (4.64) 
8. AT_Days (4.01) 
9. Kd_mean (3.92) 
10. Ws_min_s 
(3.88) 
11. pH_rg_f (3.78) 
12. AT_max_sp 
(3.09) 
13. pH_max_s (3) 
14. Nit_rg_w (2.74) 
15. Kd_rg_w (2.73) 
16. Ws_P90_s 
(2.48) 
17. Kd_rg_sp (2.19) 
18. Nit_rg_s (2.18) 
19. Sal_std_w (1.92) 
20. Rss_rg_sp (1.79) 
21. SST_Days 
(1.53) 
1. bathy (22.48) 
2. TR_mean (21.16) 
3. Ws_min_s 
(11.47) 
4. pH_rg_f (11.39) 
5. Tm_P75 (9.86) 
6. pH_P50_w (8.49) 
7. sub (7.59) 
8. Uw_P75 (7.56) 







5. AT_Days (8.32) 
6. Hs_max (8.30) 
7. pH_rg_w (7.64) 
8. bathy (5.56) 
9. sub (4.52) 
10. Sal_rg_f (3.16) 
11. Kd_mean (2.91) 









salinity;  SST,  sea  surface  temperature;  Sub,  substrate;  Tm,  bottom  shear  stress;  TR,  tidal  range;  Uw, 
bottom orbital speed; Ws, wind speed; Days, number of days over a threshold; P, percentile; std, standard 
deviation; rg, range; min, minimum; max, maximum; w, winter; sp, spring; s, summer; f, fall. 
 
